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Big mobility data reveals hyperlocal air 
pollution exposure disparities in the Bronx, 
New York

Iacopo Testi1,8, An Wang    1,2,8  , Sanjana Paul1, Simone Mora    1,3  , 
Erica Walker4, Marguerite Nyhan    5, Fábio Duarte    1, Paolo Santi    1,6 & 
Carlo Ratti1,7

Air pollution disproportionately affects socially disadvantaged populations. 
Our study bridges the existing gap in quantifying mobility-based exposure 
and its associated disparity issues. We combined the granular mobility of 
over 500,000 unique anonymized users daily and hyperlocal air pollution 
data in 100 × 100-m grid cells to quantify disparities in particulate matter 
exposure in a racially diverse and dense urban area of New York City. 
Our approach advances the study of exposure and its disparity from 
individualized exposure tracking to a population-representative scale. We 
observed apparently different spatial patterns between personal exposure 
and exposure disparities, noting that people from Hispanic-majority and low-
income neighborhoods were those most severely and disproportionately 
exposed to fine particulate matter (PM2.5) pollution. We reveal that race and 
ethnicity are much stronger indicators of exposure disparity than income. 
Our study further demonstrates that within-group variation contributes a 
major portion to exposure disparities, suggesting more granular mitigation 
plans are needed to target high-exposure individuals from socially 
disadvantaged groups in addition to generic air quality improvement.

Ethnic minorities and economically disadvantaged communities in the 
United States are disproportionately exposed to air pollution1. Despite 
an overall improvement in air quality throughout the country2,3, ethnic  
and economic disparities persist, affecting health outcomes and  
the quality of life of disadvantaged groups4–7. Quantifying disparities 
in air pollution exposure is crucial as a means to address cumulative 
impacts, define guiding principles for mitigation, facilitate resource 
investment to promote health in overexposed communities, improve 
community-level environmental health literacy and awareness, and 
provide data to direct and inform equitable policy interventions.

A recent upsurge in information in the scientific literature has 
revealed more profound deep-rooted disparities in air pollution expo-
sure among vulnerable groups. The population-weighted fine particu-
late matter (PM2.5) exposure per emissions source among communities 
has been estimated8, showing that nearly all major emissions categories 
are disproportionately and systemically affecting people of color. 
Brazil9 found that socially disadvantaged populations’ daily mobility 
patterns exacerbated their exposure to air pollution. A more concern-
ing fact is that, while air pollution levels continue to decrease across 
the United States, relative exposure disparities among racial and ethnic 
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dwell time and inhalation rate. We characterized all Bronx visitors’ 
street exposure, segment by segment, and clustered these data in dif-
ferent demographic groups, defined by the income level or the majority 
race and/or ethnicity at the participants’ home locations, to quantify 
air pollution exposure disparities between and within the groups. 
A conceptual flowchart of our three-component data sources and 
methodology is presented in Supplementary Fig. 9. This study matches 
high-resolution mobility and air pollution data at a comparable level, 
and contextualizes hyperlocal air pollution exposure and its disparity in 
a dense and diverse urban area as a generalizable reference. This creates 
a population-representative ‘panel’ of individualized exposure tracking 
that is useful for evaluating public health, air pollution mitigation and 
urban design intervention outcomes.

Results
Air quality predictions and its descriptive link with people’s 
mobility
People’s mobility is largely different across income and race and/or 
ethnicity groups. We used people’s mobility data from across NYC, 
but only accounted for their exposure in the Bronx, where there was 
detailed air pollution predictions and the highest racial and cultural 
diversity. We plotted a predicted surface of PM2.5 concentrations in 
the study area, as shown in Fig. 1a, which was modeled using average 
weather conditions in autumn 2021. We only considered local PM2.5 

groups are growing1. It has been discovered that historical redlining—a 
discriminatory mortgage appraisal practice from the 1930s—has been 
a long-lasting contributor to systemic air pollution exposure dispari-
ties in the United States10. These disparities have occurred because 
there is substantially less green space in redlined areas, sources of air 
pollution being situated near redlined communities, and there is also 
greater exposure to vehicular traffic emissions11,12. A growing family 
of environmental justice scoring and mapping tools, created by US 
governmental agencies, is available at the state and national levels. 
Most of these intersect static environmental burdens and population 
characteristics to define synthesized environmental justice scores, 
including the CalEnviroScreen tool (oehha.ca.gov/calenviroscreen/), 
the EJScreen (epa.gov/ejscreen) and the EJ Index tool (atsdr.cdc.gov/
placeandhealth/eji). However, a caveat has emerged from the existing 
literature and these tools concerning the exposure disparities being 
explored using static, population-weighted, residence-based methods.  
In the absence of information on individuals’ mobility patterns, the 
places that people visit have been overlooked, which leads to two 
latent questions: (1) Does the inclusion of high-resolution mobility 
data enhance the accuracy of exposure estimation? (2) Does it matter 
where the exposure occurs or is it just the total amount of exposure 
that matters?

There is no doubt that there is huge variability in people’s mobility 
patterns, especially in the amount of time that people spend away from 
home13,14. However, there seems to be a lack of consensus in previous 
studies on whether the variability in people’s mobility trickles down-
stream to exposure estimation to an extent that it is worth the effort 
of including such mobility data. Kwan15 was the first to highlight the 
neighborhood effect averaging problem, stating that the residence-
based estimation of environmental factor exposure (for example, 
air pollution and noise) can generate more polarized results than a 
mobility-based estimation. However, Desouza et al.16 and Reis et al.17 
estimated the PM2.5 exposure difference between residence-only and 
workplace-included methods in the United States and United Kingdom, 
respectively, both observing very small differences in population-
weighted PM2.5 concentrations between the two methods (0.6% in the 
United States and 0.3% in the United Kingdom), except for a very few 
corner cases. Similar results have also been observed in more localized 
studies in New York City18,19, where mobile device traffic data at the 
cell-tower level has been used. It has been reported that traffic-related 
air pollution with short transport distances, such as nitrogen dioxide 
(NO2), can lead to more-manifest differences between residence- and 
mobility-based methods17,20. From an epidemiological perspective, the 
story is likely over because the total amount of exposure has stayed the 
same, leading to statistically similar health outcomes at an aggregated 
level. However, a recent study21 demonstrated that emissions reduc-
tion at some (specific) locations is more effective than in other places 
in reducing national exposure disparities. Furthermore, there is an 
increasing body of literature indicating that city-level spatiotemporal 
variability in PM2.5 compositions from diverse emissions sources22–24 
possess various toxic potencies at equal mass concentrations25–28. In 
this case, the question ‘Where does exposure occur?’ kicks in, denot-
ing the utility of including mobility patterns in exposure studies for 
regulating emissions sources at strategic locations and accounting 
for health outcomes from certain PM2.5 compositions.

To this end, in our study, we established a comprehensive frame-
work for assessing air pollution exposure and its disparities in the urban 
context by leveraging big mobility data and street-level air quality 
measurements. The mobility dataset contains high spatiotemporal-
resolution user locations from millions of unique mobile devices in 
the Bronx, New York City (NYC), an area that has a long history of being 
overburdened by public health issues related to environmental pollu-
tion29. The mobility layer was complemented by concurrent PM2.5 data 
with street-segment-level granularity for estimatimg trajectory-based 
exposure as a function of location-specific pollutant concentration, 
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Fig. 1 | Spatial distribution of predicted PM2.5 concentrations and number 
of trips destined in the Bronx. a, Predicted PM2.5 concentrations (µg m−3) 
in 100 × 100-m grid cells for average weather conditions in the Bronx. Daily 
predictions were made to pair with the mobility data in the analysis. b, Number of 
trips destined to the Bronx in 200 × 200-m grid cells without specifying income 
or race and/or ethnicity groups. Both maps reflect average conditions during the 
study period (September to November 2021).
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contributors with the background signals filtered. The average PM2.5 
concentration, after background concentration filtering, was predicted 
to be 4.36 ± 0.33 µg m−3 (1 standard deviation). We observed several 
pollution hotspots in the South and East Bronx, as reported by the 
NYC government (https://a816-dohbesp.nyc.gov/IndicatorPublic/
data-features/nyccas/). Our model highlights the importance of freight 
traffic in predicting PM2.5 pollution. The most notable pollution hotspot 
was in the southeastern Bronx (bottom right of Fig. 1a), where several 
highways intersect and high-pollution facilities are clustered. We used 
real-world observations and modeling with our results to exemplify 
how poor land use and infrastructure planning can lead to severe air 
pollution problems.

We were not able to directly display people’s daily trajectories 
for data privacy reasons. Therefore, we employed trip origins and 
destinations inferred from individual trajectories as a surrogate for 
the contrast between people’s mobility patterns and the air pollu-
tion distribution given in Fig. 1b. The trips were defined using the  
methodology in refs. 30,31. It should be noted that, in our exposure 
analysis, we still used individual trajectory data. All trips made from 
across NYC destined for the Bronx in the 3-month study period are 
plotted in the heat map (Fig. 1b). Compared to the air quality map, 
the mobility heat map has a coarser spatial resolution to satisfy the 
data provider’s privacy requirements. More trips were made to the 
West Bronx, where the air pollution levels were lower than in the East 
or South Bronx, visitors to the latter areas thus being protected from 
high PM2.5 exposure. We also selected two consecutive weeks, from 4 to 
17 October, in which to track daily individual exposure and its dispar-
ity. An evaluation of a longer period was not feasible because the data 
provider shuffled each individual’s unique ID regularly to protect their 
privacy, and we were not informed exactly when this would be done. We 
picked individuals who both lived and moved around in the Bronx and 
who had at least 50 location records (7,000 individuals in total), and we 
calculated their daily average exposure. The first week (4–10 October) 

presented a statistically significant difference between mobility and 
residence exposure range of 6.29% ± 3.97% when considering absolute 
values, with the residence-based method consistently estimating lower 
exposure levels. In the week of 11–17 October, there was a small relative 
difference between the residence and mobility exposures that was 
normally distributed, with a mean of 0.09% ± 3.31% (2.42%, on average, 
when considering absolute values of the relative difference). The break-
down by income and race and/or ethnicity groups produced extreme 
values among the Hispanic population, demonstrating the notable 
difference (of up to 20%) for this minority population. We illustrate 
the difference in exposure and its disparity in Supplementary Fig. 12.

Air pollution exposure and its association with personal 
mobility
We perceive air prediction grid cells as merely arbitrary definitions for 
land-use regression, whereas street segments are links along which 
people move and which are increasingly considered to be public spaces 
rather than solely transportation infrastructure32,33. In this sense, 
street-level analyses can connect with planning practices to achieve 
‘desirable’ public spaces34 or to mitigate high emitters, such as truck 
traffic and commercial cooking35,36. Therefore, we first aggregated 
human exposure and its disparity to the street level to better review 
the intrinsic link between mobility and exposure among populations. 
We included all 7,500 street segments in the Bronx. On average, the 
street segments were 163.78 ± 125.63 m (1 standard deviation) long and 
ranged from 27.50 to 2,460.00 m. Figure 2a shows that, on average, a 
person is exposed to 1.20 ± 3.22 µg (1 standard deviation) of PM2.5 on a 
Bronx street on a single visit. It should be noted that this distribution 
of personal exposure is highly skewed because some people work long 
hours or live on high-pollution streets. The maximal value of street-
level personal exposure was 45.25 µg per visit, in the southeastern 
Bronx, adjacent to the pollution hotspot we highlighted previously. 
The average exposure value is low because many people pass along 
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streets without stopping. We conducted a health outcome analysis, in 
terms of attributable cardiovascular disease death, to contextualize our 
daily PM2.5 exposure levels (Supplementary Fig. 14 in Supplementary 
Information Section 5).

We further evaluated the street-level personal PM2.5 exposure by 
income and race and/or ethnicity groups. In Fig. 2a–c, we present the 
personal exposure for each Bronx street considering income and race 
and/or ethnicity. It should be noted that, in the following analysis, we 
report medians instead of averages to exclude extreme cases that might 
have occurred in any group, which could lead to skewed observations 
when compared with other groups. By ranking people’s street-level 
exposure from low to high, in groups, it was revealed that the high-
income group had been exposed to much less PM2.5 on the streets of 
the Bronx, with a median exposure of 0.38 µg per visit compared to 
0.45, 0.48 and 0.49 µg per visit for the upper-middle-, middle- and low-
income groups, respectively. With street-level exposure being nega-
tively related to income, the absolute differences between the income 
groups were negligible. By contrast, by dividing people based on race- 
and/or ethnic-majority communities, differences in the street-level 
exposure between groups were evident. We noted that people from His-
panic-majority communities were much more exposed to PM2.5 (0.63 µg 
per visit) than any other group. People from Black and white communi-
ties followed, with median exposures of 0.41 and 0.39 µg per visit for 
each street segment. People from other race- and/or ethnic-majority 

communities were exposed to the least PM2.5 (0.10 µg per visit). That 
is to say, 50% of the people from Hispanic-majority communities 
experienced worse PM2.5 exposure than about 65% of the people 
from Black- or white-majority communities, 80% from Asian-major-
ity communities and 85% from other-majority communities due to  
their mobility patterns. We employed absolute and relative disparity 
measures to further investigate the exposure disparity between and 
within these demographic groups.

In addition to the street-level analysis, we were also curious about 
how different the exposure was considering home location only and 
people’s mobility patterns. We selected individuals who lived and move 
around in the Bronx, tracking their exposure for two typical weeks in 
October 2021. Figure 3 shows the daily average and relative differences 
between the residence and mobility exposure for the weeks of 4–10 
October and 11–17 October. The nearly dichotomous distribution of 
mobility-based exposure signaled the mobility patterns of the residents 
who both worked and lived in the Bronx. The results showed that the 
residence- and mobility-based exposure were highly correlated for 
both weeks. The first week (4–10 October) presented a statistically 
significant difference between mobility and residence exposure, with 
a range of 6.29% ± 3.97% when considering absolute values, with the 
residence-based method consistently estimating lower exposure levels. 
In the second week (11–17 October), we observed a small relative dif-
ference between residence and mobility exposure that was normally 
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distributed, with a mean of 0.09% ± 3.31% (2.42%, on average, when 
considering the absolute values of the relative difference). The break-
down by income and race and/or ethnic groups showed extreme values 
only among the Hispanic population, demonstrating a more notable 
difference (of up to 20%) for this minority population. Our findings 
are in line with those of previous studies16–18 that estimated a 1% to 3% 
residence-to-mobility difference over the long term using travel sur-
veys or cellular tower data. It is necessary to consider mobility data in 
such studies to be able to create refined exposure disparity mitigation 
policies that can address not only the total amount of PM2.5 exposure 
but also the location where the exposure happens. We observed that the 
residence-based absolute exposure disparity by majority race and/or 
ethnicity neighborhood was 10.14 μg per day—higher than the mobility-
based disparity (9.08 μg per day) over the two weeks—which indicates 
a risk of disparity overestimation when leaving people’s mobility out. 
Exposure by income group showed virtually no difference, at 4.97 and 
4.99 μg per day, respectively. Obviously, exposure disparity by major-
ity race and/or ethnicity was much higher than that by income group. 
However, our results are limited to the Bronx area and exposure in the 
‘out-of-home’ time.

Spatial exposure disparities between and within groups
We established the spatial disparity profiles of people physically 
present in the Bronx in terms of their income and race and/or ethnic 
community. The absolute disparity was calculated as the sum of the 
differences between a group’s average exposure and the population-
weighted average of all groups on the street. The same street visitors 
could be grouped either by four income levels or five races and/or 
ethnicities, with each street segment having one absolute disparity 
measuring the income dimension and the other measuring the race 
and ethnicity dimension. That is, we calculated the absolute dispar-
ity for the same population twice, but using two different grouping 

criteria. Figure 4a illustrates the absolute disparity measures by race 
and/or ethnicity across the streets of the Bronx, the spatial patterns 
being very similar to those by income (Supplementary Fig. 13 in Sup-
plementary Information Section 4). By plotting the logarithm of the 
exposure disparities by income and race and/or ethnicity for the same 
street against each other in Supplementary Fig. 13b, we showed that 
the exposure disparities were much more obvious when grouping the 
same population by race and/or ethnic community than by their income 
level, which confirms our earlier finding that race and/or ethnicity is a 
more important indicator of exposure disparity than income.

The highest exposure disparities, with respect to income and race 
and/or ethnicity, clustered around regional road arteries. We noted that 
the streets with high exposure disparities did not coincide with those 
with high average personal exposure, and only partially coincided 
with those with high air pollution levels, which suggests that existing 
methods for regulating air quality and lowering personal exposure 
might not mitigate exposure disparities between income or race and 
ethnic groups. We further evaluated the exposure disparities using the 
decomposable Theil index (relative exposure disparity), which is calcu-
lated as the sum of the within- and between-group disparities for each 
street. We observed that three-quarters of the disparities came from 
within each income or race and ethnic group, rather than from between 
groups. Figure 4b,c shows that, in addition to the absolute exposure, 
people from low-income and Hispanic-majority communities experi-
enced the most within-group variation in PM2.5 exposure. The highest 
within-group disparity was found in people from Hispanic-majority 
communities, whereas, in terms of income, the highest disparity was 
found in the upper-middle income group.

Discussion
From a hyperlocal perspective, the personal exposure levels and expo-
sure disparities showed distinct spatial patterns. The New York City 
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Community Air Survey expanded its air monitoring network to high-
poverty neighborhoods in 2014 by adding 15 environmental justice 
sites. The sites were chosen in high-poverty neighborhoods with a 
lower-than-average density of air quality monitors. We geo-matched 
the four Bronx sites with our street segments to allocate each site an 
absolute and a relative disparity measure (Supplementary Fig. 10 and 
Supplementary Table 3 in Supplementary Information Section 2). We 
observed two out of four sites located on streets with high exposure 
disparities in terms of income and race and/or ethnicity (the other 
two sites had low exposure disparities). This highlights the impor-
tance of identifying environmental justice hotspots from an exposure 
perspective that is more fundamentally related to population health. 
We further argue that equitable exposure mitigation plans should be 
reframed and go beyond air quality improvements in high-vulnerability 
neighborhoods to regulate emissions sources near points of interest 
that attract visitors from vulnerable communities.

A key takeaway from our study is that people from specific racial- 
and ethnic-majority communities are disproportionately exposed 
to local air pollution. In addition, this phenomenon is more obvious 
than evaluating the same population by income. Similar results were 
observed by Jbaily et al.1, who found that, at zip-code-level granular-
ity in the United States, there was a small difference (4%) between 
average PM2.5 exposure levels in low- and high-income groups, but 
that the exposure levels between racial and ethnic groups were also 
apparent. This evidence suggests that not only is race and/or ethnic-
ity a better exposure disparity indicator than income, but also the 
induced exposure disparity is systemic. Going one step further, our 
study proves quantitatively that this phenomenon is still present at 
a street-segment level, taking personal mobility into account. These 
findings suggest the need for targeted exposure mitigation policies 
to minimize air pollution exposure disparities in addition to generic 
air quality improvements. For example, it has been demonstrated that 
location-specific emissions reduction was much more effective than 
overall emissions reduction in reducing PM2.5 exposure disparities 
among racial and/or ethnic groups in the United States21. This strategy’s 
effectiveness would be even better at achieving a greater reduction in 
exposure disparities. Wang et al.37 explored location-specific strategies 
to address photochemical air pollution in central California, pointing 
out that high-priority emissions sources differ at the city and regional 
scales. With a local scope, Kheirbek et al.38 highlighted the importance 
of controlling truck and bus traffic to reduce exposure and its dispari-
ties among low-income neighborhoods. We explore exposure disparity 
by type of place in Supplementary Information Section 6, in which we 
overlapped the point-of-interest map and street-level exposure dispar-
ity, revealing that commercial places experience the highest disparities.

Although previous studies have estimated population-based expo-
sure, they have not quantified within-group exposure disparity at the 
individual level, which has left a wide knowledge gap to be filled. Our 
personal mobility-based exposure analysis has demonstrated that 
the within-group exposure difference contributes up to three times 
more disparity than the between-group exposure difference. This 
phenomenon is more prominent for people from Hispanic-majority 
communities. This further demonstrates the double burden of NYC 
Hispanic-majority communities, in terms of their high absolute PM2.5 
exposure and the diverse exposure profiles of their individuals. This 
necessitates the consideration of personal mobility and hyperlocal air 
quality prediction in exposure disparity studies and practices, and a 
call for mitigation plans to address refined exposure and its systemic 
disparity for distinct demographic groups.

We recognize several limitations in our study. First, the study 
period was set in autumn 2021, during the COVID-19 pandemic. 
Although, during the observation period of the study, NYC had begun 
to come out of full lockdown and other restrictions on mobility, we 
acknowledge the pandemic’s impacts on people’s mobility patterns, 
which could have trickled downstream and affected our exposure and 

disparity analysis. We cannot quantitatively determine the extent to 
which the same exposure patterns would hold true in the Bronx in a 
time with no limitations caused by pandemic restrictions. However, 
our exposure modeling reflects the exposure disparity caused by the 
combined factors of pandemic-induced mobility patterns and air 
quality changes, with previous literature having documented that the 
change in mobility patterns during the pandemic did not favor socially 
disadvantaged groups in terms of their exposure to COVID-19 infection 
and air pollution39–41. This is attributable to the fact that socially disad-
vantaged groups might have had no choice but to commute and attend 
work in person, and in heavily polluted areas40. Second, in our study, 
we did not differentiate PM2.5 concentrations across travel modes, nor 
between indoor and outdoor environments. We also did not consider 
whether a person was wearing a mask or not during the pandemic. The 
assumptions we made have likely led to higher exposure estimates and 
smaller absolute exposure disparities in all communities, consider-
ing the better air quality during the pandemic42,43 and the preventive 
mask-wearing44,45. Lastly, our air quality model provides daily predic-
tions without including diurnal changes. The diurnal pattern of PM2.5 
is as evident as its spatial variation in urban areas, not only in terms of 
overall concentrations46,47 but also their chemical compositions23,24, 
due to the operational patterns of various emissions sources. However, 
the temporal variability was barely able to be captured by our land-use 
regression-based air predictions, especially when we tried to maintain 
the model’s robustness. Observations of PM2.5 have to be averaged over 
unique days to reflect the most representative pollution state. A feasi-
ble solution would be to employ an atmospheric-chemistry-enabled 
physical model for time-step-by-time-step air quality prediction. Fur-
ther studies are also encouraged to scale up our method and explore 
personal mobility-related exposure and its disparities in other urban 
areas. How post-pandemic mobility patterns might affect exposure 
disparities in the long run is another important topic to investigate.

Methods
Big mobility data sourcing and processing
The big mobility data was obtained through the Data for Good pro-
gram by Cuebiq. The dataset consisted of anonymized mobility data 
obtained from the smartphone location records of users who opted to 
share anonymous data through a California Consumer Privacy Act and 
General Data Protection Regulation-compliant framework. As part of 
Cuebiq’s Sensitive Points of Interest Policy, visits to privacy-sensitive 
locations were removed by the data provider. All researchers were con-
tractually obliged not to share disaggregated data or results, or identify 
any individual users. Our use of the data complied with all relevant 
ethical regulations set by the data provider and by our universities. 
Our dataset consisted of location data records from ~500,000 unique 
phone users generating, on average, 500 million location records daily 
from NYC. The dataset covered a statistically significant fraction of 
NYC’s residents31,48 for the 3-month study period. The frequency of data 
point generation was dependent on how frequently a user was on their 
phone. We sampled a typical day to evaluate the average accuracy of 
the mobility dataset, which was 19.61 ± 18.29 m (1 standard deviation), 
given the dense urban environment in the Bronx. Very rarely, there was 
an accuracy of more than 100 m, which will have had an actual effect 
on our exposure analysis. The location data sensitivity is discussed in 
Supplementary Information Section 1.3.

We selected so-called super-users, who generated at least 200 
data points per day, to ensure robust exposure estimation and control 
for users who only stayed for a very short time in the study area, which 
comprised 20% of the total data. This approach had previously been 
adopted by Moro et al.31, who proved that users’ mobility patterns were 
still representative of the population. We also tested the representative-
ness and sensitivity of our mobility data in Supplementary Information 
Section 1.1. To infer a home location and the presence of anonymous 
users from across NYC that were only visiting the Bronx, each user’s 
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home location was determined considering three variables—number 
of days spent at a given location in the last month, daily average number 
of hours spent at that location and time of the day spent at the location 
(night time/daytime). A score was computed for each location of a 
unique device by combining these three variables. The more days and 
the higher the average number of hours the device spent at a location, 
especially at night, the higher the score. The location with the highest 
score was selected as the device’s home location. One-time visitors to 
NYC were therefore filtered out. The algorithm ran daily to recursively 
update the inference, and only considered users with two or more days 
of data. Subsequently, the inferred home location was reassigned to 
the centroid of the Census Block Group (CBG) to protect the user’s 
privacy. Given the large amount of data involved, and the iterative 
way the home location was inferred, the reported confidence of home 
inference was high (>99%).

Based on the inferred home location, each unique user was 
assigned to a CBG matching demographic data from the American 
Decennial Census 2020 and the 5-year American Community Survey 
2020 (http://www.census.gov/programs-surveys/acs/data.html). Peo-
ple’s economic status was determined from their annual income level 
in quartiles from low (below US$67,000), to medium-low (between 
US$67,000 and US$89,999), medium-high (between US$90,000 and 
US$113,999) and high (equal to or above US$114,000) income31. Regard-
ing the definitions of race and ethnicity, we first divided the majority 
group in each CBG into five categories—Latino and/or Hispanic as 
Hispanic, non-Hispanic as different races, including Asian, Black, white 
and other, for Native American, Pacific Islander, multiracial or unde-
fined4,8,21. The definition of each CBG’s majority race and/or ethnicity 
was purely based on the population, with no lower bound of the thresh-
old in the population threshold. For each individual’s trajectory, we did 
not infer their race and/or ethnicity because this might have led to the 
stereotyping of the mobility patterns of a certain race and/or ethnicity. 
We also did not want to lose the difference in latent mobility pattern. 
Therefore, each user’s trajectory was tagged as ‘from an Asian-majority 
CBG’, ‘from a Black-majority CBG’, ‘from a Hispanic-majority CBG’, ‘from 
a white-majority CBG’ or ‘from an other-majority CBG’, determined by 
the race and/or ethnicity with the highest population percentage in 
their home CBG. We were aware of the potential risk of miscategorizing 
individual race and ethnicity trajectories, and paid special attention 
to interpreting the related results, given the extreme cases where two 
or more racial and/or ethnic groups had similar populations in a CBG. 
However, we also did not want to arbitrarily set a population difference 
threshold because this could have led to the underrepresentation of 
certain communities. This manipulation was the best we could apply to 
minimize stereotypical presumptions based on race- and/or ethnicity-
related mobility patterns without it affecting our conclusions.

Hyperlocal air quality data collection and modeling
We collected hyperlocal air quality data—in this context, PM2.5 mass 
concentrations—using a fleet of Internet of Things–enabled environ-
mental sensing platforms49. The sensing platform was equipped with 
an optical particle counter, a temperature and humidity sensor, a high-
accuracy global positioning system, and a control board for real-time 
sensor synchronization, coordination and data upload to the cloud. 
Self-powered by a solar panel and battery pack, the platform was able 
to run independently once deployed on top of a vehicle. Five sensing 
platforms were mounted on civic services vehicles operated by the 
Department of Parks and Recreation, NYC. In the 3-month data collec-
tion campaign, these platforms circulated around the Bronx on all days 
during the daytime, collecting data every 5 s, collecting over 600,000 
valid data points. Given that we were using non-reference monitors, we 
developed a rigorous framework for sensor calibration and data quality 
assurance50, as documented in Supplementary Information Section 2.

The 3-month air quality monitoring campaign expanded over one-
third of the Bronx’s major roads. We trained an empirical model for air 

quality prediction to extrapolate the air quality observations to a full 
land coverage of the Bronx, following the general land-use regression 
procedures adopted by Messier et al.51. First, the PM2.5 records were 
corrected to their regional transport components to focus on local 
emissions sources and points of interest. Then, the corrected geo-
located PM2.5 observations were aggregated to 100 × 100-m grid cells, 
forming 1,213 cells with valid data records. Each grid cell contained at 
least 10 unique observations, collected on a minimum of four distinct 
days, to represent a typical air quality profile of the cell. The mean 
PM2.5 concentration in each grid cell was treated as the target variable, 
and a series of land-use and emissions source variables were used as 
explanatory variables, following the same method used by the New York  
City Community Air Survey (https://a816-dohbesp.nyc.gov/Indica-
torPublic/data-features/nyccas/). We adopted a gradient-boosting 
tree model—the Light Gradient Boosting Machine (LightGBM)52—for 
air pollution level prediction. Lastly, the air pollution level on each 
street segment was estimated as the weighted average concentration 
by length, if a street segment spanned across several cells. It should 
be noted that air quality prediction maps were generated daily from  
1 September to 30 November, in synchronization with the mobility 
data, considering only the changes in meteorology (for example, tem-
perature, relative humidity, wind speed and air pressure). We describe 
the data calibration, aggregation, regression modeling and validation 
in detail in Supplementary Information Section 3. The air prediction 
model’s performance, and its comparison with the reference monitor-
ing, are documented in Supplementary Information Section 1.2.

Exposure definition and calculation
Street-level exposure calculation. Individual exposure estimation 
provides key information for the risk assessment and health analysis of 
evidence-based emissions regulations and public health policymaking. 
Exposure to a contaminant—in our case PM2.5—is defined as an event 
that occurs when there is contact at a boundary between a human and 
the environment with a specific PM2.5 concentration for an interval of 
time53. Previous studies analyzing air pollution disparities have heavily 
depended on population-weighted concentrations, rather than indi-
vidual exposure assessments that take individual mobility patterns into 
account. Given that our hyperlocal air quality and human mobility data 
were well coupled in temporal and spatial granularity, we first devel-
oped our exposure calculation methods at the street-segment level. 
The street segments were generated by creating flat-end buffers of 
different sizes, referencing the Open Street Map ‘ways’ elements, often 
referred to as street segments. We fragmented the street segments 
longer than two blocks to capture the variability in PM2.5 concentra-
tions. The street segments were confined by connections to other street 
segments (intersections). The boundaries of the street segments were 
drawn based on the most recent satellite images.

Based on the US Environmental Protection Agency’s air pollutants 
exposure model (https://www.epa.gov/fera/human-exposure-modeling- 
air-pollutants-exposure-model), our exposure calculation per visit to  
a street, which can be aggregated by demographic groups and over 
time, is presented in the following equation. The street-segment aggre-
gation provided a subtle normalization of the various amounts of  
time people spend in the Bronx. In addition, the aggregation was  
flexible in considering the air quality and mobility data at different 
spatial scales. For instance, in our case, we considered mobility data 
from all over NYC and the exposure in the Bronx.

ej = ∑
i∈j

ti, j × CPM × IhR (1)

Where ej is the exposure in µg per visit for demographic group j on a 
street segment; ti,j is the time that individual i that belongs to demo-
graphic group j spent on the street segment; CPM is the PM2.5 concentra-
tion on the street segment in µg m−3; and IhR is the inhalation rate of an 
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average adult, which is constant at 0.012 m−3 min−1 (https://www.epa.
gov/expobox/exposure-factors-handbook-chapter-6).

It should be noted that, technically, equation (1) calculates the 
mass of inhaled PM2.5. However, because the concepts of ‘exposure’ 
and ‘dose’ are often misused, we followed the definitions from ref. 53  
and instead opted for the term ‘exposure’ to refer to the outcome 
of equation (1) for better communication with a broader audience. 
Although the inhalation rate in equation (1) is merely a constant, it 
generates more understandable results in the unit of inhaled PM2.5 mass 
(that is, µg per visit), allowing better characterization of population 
exposure disparities in the Bronx. Our exposure calculation bridges 
population exposure estimation and individual exposure tracking. In 
the presence of high-resolution mobility data, we were able to model 
spatiotemporally resolved individual exposure that was representative 
of the population. For PM2.5, the terms exposure and dose are often 
used interchangeably, given its high penetration rate across the upper 
respiratory tract.

Residence- and mobility-based exposure calculation. To contrast 
the residence- and mobility-based exposure, we only chose individuals 
who both lived and moved around in the Bronx, where we had detailed 
air quality predictions, who had at least 50 location records (7,000 
individuals in total). We selected two typical weeks in October (4–10 
October and 11–17 October) to demonstrate possible differences in 
their exposure calculations. Because the data provider shuffled indi-
viduals’ unique IDs from time to time (every few weeks to months) to 
preserve the data contributors’ privacy, we could not track the same 
individuals for the whole study period. This is a practical obstacle to 
analyzing exposure and its disparity at the individual level. For each 
individual, mobility-based exposure was computed following the same 
definition as in the original study—as the product of the street-specific 
PM2.5 values, the amount of time the individual spent on all the visited 
streets and the standard inhalation rate. To compare residence- and 
mobility-based exposure on the same quantitative scale, the residence-
based air pollution exposure was attributed to each user by assigning 
the PM2.5 value corresponding to the CBG home location, multiplying 
it by the same on-the-street (out-of-home) time and the inhalation rate. 
It is worth mentioning that we adopted a distinct way of calculating the 
disparities, as all individuals/trajectories from the same CBG would 
have had the same sociodemographic information, and the disparities 
could only be calculated at the CBG level or coarser. The general idea 
was to treat the whole Bronx region as one big street segment, where we 
accounted for the absolute exposure disparities by dividing the 7,000 
individuals into sociodemographic groups. We conducted a health 
outcome analysis by attributing cardiovascular disease mortality to 
ambient PM2.5 exposure (in μg per day), finding that there was a 16.66% 
increase in cardiovascular disease mortality attributable to PM2.5 in the 
9th exposure decile (71.20 μg per day) compared with the 1st decile  
(21.42 μg per day). Details about this analysis have been added to  
Supplementary Information Section 5.

Exposure disparity characterization
A myriad of disparity measures exist, quantifying the problem in 
many dimensions. The most common ones include the coefficient of 
variation1 for air pollution exposure disparities, the Gini coefficient, 
information entropy, the Atkinson index and the income segregation 
measure for places31. We selected two disparity metrics that fit with 
this study’s context to measure street-segment-level air pollution 
exposure disparity.

First, we considered an absolute disparity measure (hereafter, the 
absolute measure), which provided a simple physical explanation of 
exposure disparity. It summed up the absolute PM2.5 exposure differ-
ence between each group and the population-weighted average expo-
sure level on each street segment. The absolute measure ranges from 0 
to positive infinity, where 0 denotes perfect equality, in which case all 

groups share the same level of PM2.5 exposure. The more deviated each 
group is from the average exposure, the higher the absolute measure 
is on the street. The following equation details the absolute measure:

EIabs = ∑
j
|| ̄ej − μ|| (2)

Where EIabs is the absolute exposure disparity measure in μg per visit 
as the summation of absolute differences on each street segment; ̄ej is 
the average exposure of group j; and μ is the population-weighted 
average exposure of people in all demographic groups.

We also wanted to quantify the disparity using a normalized  
metric, where we could compare street to street on an equal foot-
ing. Theil’s T index was employed to investigate exposure disparity 
on each street, which is essentially a special case of the generalized 
entropy index, measuring the disparities of air pollution exposure 
in a population. As demonstrated in equation (4), the Theil index of 
all groups on the street is the summation of within-group disparity 
(the first term) and between-group disparity (the second term). The 
within-group disparity is calculated as the weighted-averaged Theil 
indices of each demographic group, where each person in a group is an 
agent for calculation, as in equation (3). The between-group disparity 
equates to the Theil index treating each group as an agent. While the 
Theil index is always positive, its decomposability allows us to evaluate 
each group’s contribution to the disparity. The index can be positive, 
indicating more exposure was experienced by a group proportionate 
to its population, or it can be negative, with less exposure experienced 
by a group.

Tj =
1
Nj

∑
i∈j

ei
̄ej
ln ei

̄ej
(3)

TT = ∑ sjTj +∑ sjln
̄ej
μ for sj =

Nj

N
̄ej

μ (4)

Where Tj is the Theil index for a demographic group j on a street seg-
ment; Nj is the total number of people in group j; ei is person i’s exposure, 
who belongs to group j; ̄ej is the average exposure of group j; TT is the 
Theil index considering all demographic groups; sj is the proportion 
of exposure experienced by group j; μ is the average exposure of people 
in all demographic groups; and N is the total number of people from 
all demographic groups.

Reporting summary
Further information on the research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The air quality predictions, exposure by street segment, exposure by 
individual trajectory and exposure disparity measures data are pub-
licly available via Zenodo at https://doi.org/10.5281/zenodo.11044847  
(ref. 54). The personal mobility data were obtained from Cuebiq 
through their social impact and Data for Good program. They were 
analyzed under a strict data privacy agreement between the authors 
and the company and, therefore, are not publicly available. Interested 
parties can request access to this mobility dataset, with more informa-
tion, from https://spectus.ai/social-impact/.
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A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
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for good’ program, which were analyzed under a strict data privacy agreement between the authors and the company and, therefore, are not publicly available. 
Interested parties can request access to this mobility dataset with more information from https://spectus.ai/social-impact/. 
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other socially relevant 
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Survey given inferred individual home locations.
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Recruitment No recruitment is involved in this study.

Ethics oversight Massachusetts Institute of Technology; Spectus Inc. 
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Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description Our study establishes a comprehensive framework for assessing air pollution exposure and its disparities in the urban context by 
leveraging big mobility data and street-level air quality measurements.

Research sample The mobility dataset contains high spatio-temporal resolution user locations from millions of unique mobile devices in the Bronx, 
New York City (NYC).

Sampling strategy Our dataset consisted of location data records from ~500,000 unique phone users generating, on average, 500 million location 
records daily from New York City. The dataset covers a statistically significant fraction of New York City residents.

Data collection The big mobility data was obtained through the ‘Data for Good’ program by Spectus Inc. The dataset consists of anonymized mobility 
data obtained from smartphone location records of users who opted-in to share anonymous data through a California Consumer 
Privacy Act and General Data Protection Regulation-compliant framework. All researchers were contractually obligated to not share 
disaggregated data and results or identify any individual users. 

Timing September to December, 2021

Data exclusions No data were included from the study.

Non-participation No participant dropped out the study.

Randomization People are allocated into race/ethnicity and income groups based on their home location census block group.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor 
was applied.

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If 
plant specimens were collected from the field, describe the collection location, date and sampling procedures.
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