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A B S T R A C T

Weather and climate variability increasingly shape urban travel behavior, yet the short-term temporal dynamics 
and contextual modifiers of weather-transit relationships remain poorly understood. We analyzed system-wide 
hourly bus ridership in the Denver metropolitan area from June 2022 through September 2023 using fixed- 
effects negative binomial distributed lag nonlinear models with lags up to 24 h. Nonlinear exposure-response 
and lag-response functions were specified for hourly Universal Thermal Climate Index (UTCI) and precipita
tion, with additional indicators for daily ozone exceedance and wildfire smoke. Models adjust for hour-of-day, 
day-of-week, and month-year fixed effects, with standard errors clustered by day. Stratified analyses assess 
heterogeneity by time period, season, fare policy, and shelter availability, with interaction evaluated using Wald 
tests. Cold thermal stress was associated with the largest, most persistent reductions in ridership, with cumulative 
declines of − 15.7% (95% CI: − 26.0%, − 4.0%) over 0-24 h. Precipitation was associated with sharp but transient 
reductions concentrated within 3-6 h (− 8.4% to − 9.8%), with little evidence of longer-term displacement. Heat 
associations were weaker and context-dependent, with modest short-run increases, but net same-day declines. 
Associations varied by time of day and season, were attenuated during the free-fare period, and differed by 
shelter availability. In contrast, ozone exceedance and wildfire smoke exhibited limited and inconsistent asso
ciations, with measurable reductions primarily during morning commute during heavier smoke conditions. 
Overall, transit ridership is more strongly associated with short-term weather exposure, than with ambient air 
quality. Fare policy and stop-level infrastructure modify these associations, highlighting actionable strategies to 
enhance transit resilience under increasing climate variability.

1. Introduction

Climate change is intensifying heat (Dahl et al., 2019), wildfire 
smoke (Di Virgilio et al., 2019), and air pollution (Volckens, 2024) 
across the United States, with more frequent and severe events 
projected in the coming decades (IPCC, 2023). While the adverse 

health impacts of these exposures are well documented (Kinney, 
2018), their implications for daily mobility, particularly public 
transportation use, remain comparatively underexplored.

Although public transit represents a relatively small share of total 
travel in the United States (approximately 1.2% of passenger-miles and 
1.5% of trips) (BTS Data Inventory, 2025), it remains important for 
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mobility access among transit-dependent populations and lower-income 
communities, and plays a key role in supporting equitable access to 
employment, health care, and other essential services (Urban Institute, 
2025). It is especially important for the 9.1 million U.S. households 
without access to a private vehicle (U.S. Census Bureau, 2021). As 
climate-related environmental hazards increasingly affect urban travel 
behavior (Martens, 2016), understanding how weather and air quality 
influence transit use is essential for planning resilient and equitable 
transportation systems.

A substantial body of research has examined how weather variability 
and extreme events affect transit ridership (Barnes, 2015; Gössling et al., 
2023). Precipitation, temperature extremes, and storms can disrupt 
operations and reduce demand, with effects reflecting both physical 
exposure and behavioral adaptation. These impacts are typically more 
pronounced for bus systems than for rail, as bus riders are more exposed 
to ambient conditions while waiting and boarding and have fewer op
portunities for climate controlled-travel (Ngo, 2019). Importantly, 
weather-related disruptions are not evenly distributed and may dispro
portionately affect socioeconomically vulnerable populations (Adkins 
et al., 2017; Gu et al., 2024; Ngo, 2019).

A smaller but growing literature has examined the effects of air 
pollution and wildfire smoke on transit use. Evidence suggests that 
behavioral responses are complex and vary by pollutant type, transit 
mode, time of day, and information availability (Meena and Goswami, 
2024; Soltani Mandolakani et al., 2025). Prior studies have reported 
modest declines in subway ridership during high pollution events (Wu 
and Liao, 2020) and stronger responses to air quality alerts than to 
continuous pollutant concentrations (Kim et al., 2024). In contrast, some 
evidence suggests wildfire smoke may increase rail ridership, potentially 
reflecting substitution away from active travel (Han et al., 2024). 
However, evidence for bus systems, particularly analyses that consider 
multiple environmental stressors at high temporal resolution, remains 
limited.

Infrastructure and policy may further shape how riders respond to 
adverse environmental conditions. Bus shelters can provide some pro
tection from heat and precipitation, although evidence of their effec
tiveness is mixed, and their distribution is often uneven, raising equity 
concerns (Lanza and Durand, 2021; Miao et al., 2019). Policy in
terventions, such as fare reductions, may also influence responses by 
altering the cost of travel under adverse conditions.

Several additional gaps remain in the literature. First, most studies 
rely on dry-bulb temperature to characterize heat exposure (Ngo, 2019; 
Tao et al., 2018), despite evidence that composite indices such as the 
Universal Thermal Climate Index (UTCI), which incorporate radiation, 
wind, and humidity, more accurately reflect thermal stress (Li et al., 
2024). Second, most analyses focus on same-day effects, even though 
responses to environmental exposures may unfold over multiple hours 
or days (Böcker et al., 2013; Liu et al., 2017). Taken together, prior 
studies suggest that environmental conditions influence transit use, but 
the evidence remains fragmented across hazards, modes, temporal 
scales, and contextual factors.

The DMA provides a particularly relevant setting for examining these 
relationships because it combines substantial climate variability, 
persistent air-quality challenges, and a large bus-dependent transit 
population. Located along the Colorado Front Range at high elevation 
(~1600 m above sea level), the region experiences large diurnal and 
seasonal temperature variability, intense solar radiation, episodic 
convective precipitation, winter cold spells, and increasingly frequent 
wildfire smoke intrusions originating from both in-state and western U. 
S. fires. The region also faces chronic ozone pollution driven by trans
portation emissions, oil and gas activity, topographic trapping, and 
meteorological conditions favorable to photochemical ozone formation 
(deSouza and Hood, 2024; deSouza et al., 2025a). These overlapping 
environmental stressors make Denver representative of many rapidly 
growing western metropolitan regions increasingly exposed to com
pound climate and air-quality hazards.

The Regional Transportation District (RTD) operates one of the 
largest transit systems in the Mountain West, serving approximately 3 
million residents across eight counties through an extensive network of 
local, regional, and express bus services. Bus transit plays a particularly 
important role for lower-income and transit-dependent populations, 
with approximately 65% of riders reporting dependence on the system 
for daily travel (RTD, 2025). At the same time, much of the bus network 
relies on outdoor waiting environments, and shelter availability is 
spatially uneven across the system. These characteristics make the DMA 
especially well suited for studying how weather, wildfire smoke, and air 
pollution shape short-term transit behavior and how infrastructure and 
fare policy may modify vulnerability to environmental exposures.

In this study, we address the gaps identified in the literature by 
examining associations between extreme weather, air pollution, wildfire 
smoke, and hourly bus ridership in the Denver metropolitan area. We 
pursue three objectives: (1) to estimate the average associations be
tween extreme weather, wildfire smoke, and ozone exceedances and 
ridership; (2) to assess temporal variation by time of day, season, and 
fare policy; and (3) to evaluate association modification by bus stop 
amenities.

2. Data and methods

2.1. Ridership data

We used Automatic Passenger Counter (APC) data provided by the 
Regional Transportation Division (RTD) in Colorado to measure bus 
ridership at each stop in the DMA from 1 June 2022 to 30 September 
2023. APC systems record passengers boarding and alighting vehicles 
and are widely used in transit operations and research to quantify 
ridership patterns (Lee and Miller, 2022). The study period was deter
mined based on data availability.

Zero boardings at stops, particularly near route termini, are not un
common. Some stops also experienced extended periods of zero board
ings due to service changes, road construction, or other operational 
factors. The dataset excluded atypical travel days as defined by RTD, 
including federal holidays; days immediately preceding or following 
holidays; and operational outlier days (defined as days on which more 
than 30% of bus arrivals between midnight and noon at Union Station or 
the Civic Center were late).

In addition, we excluded 31 days affected by exogenous factors (e.g., 
holidays, and severe weather events resulting in system closures). 
Excluded dates in 2022 were June 30, 2022, July 1st and 4th, September 
5, 12, and 13; October 10; November 3, 11, 24, 25, and 29; and 
December 23-26, 29, 31. Excluded dates in 2023 were January 1, 2, 8, 
16, and 31; February 20; April 9; May 28 and 29; June 29; and July 4. 
The final analytic sample included 456 days of ridership.

Fig. S1 displays a flow chart of the methodology used in this study. 
Fig. S2 displays a heat map of total boardings by hour of day, our pri
mary outcome, across all stops for the full study period. The dataset 
contained 44,298,787 stop-hour observations across 7283 bus stops. For 
our analysis, we aggregated ridership to a system-level hourly time se
ries by summing boardings across all stops within each hour, yielding 
10,573 hourly observations. We selected this aggregation strategy 
because several key environmental exposures, including ERA5/ERA5- 
Land meteorological fields, wildfire smoke plume classifications, and 
ozone exceedance indicators, are measured at relatively coarse regional 
spatial scales and do not resolve hyperlocal stop-level conditions. Ag
gregation therefore aligns the outcome with the effective spatial reso
lution of the exposure data and facilitates estimation of overall system- 
wide ridership responses. In addition, aggregation reduces noise asso
ciated with sparse stop-level counts, operational variability, temporary 
service disruptions, and prolonged zero-boarding periods that are un
related to environmental conditions. While primary analyses are con
ducted at the system-hour level, stop-level information is retained for 
subsequent heterogeneity analyses stratified by shelter availability.
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2.2. Weather data

Hourly and daily environmental exposures were assigned to each bus 
stop using a standardized geospatial extraction workflow implemented in 
Google Earth Engine (GEE) and R (via the rgee package (Aybar et al., 2020)). 
We constructed a high-resolution, stop-hour panel dataset spanning June 1, 
2022, through September 30, 2023, linking each ridership observation to 
meteorological conditions, thermal stress indices, precipitation, and wild
fire smoke at the corresponding stop and hour. Hourly exposures were 
matched to each ridership observation to ensure alignment with service 
hours. Daily exposures were merged with all stop-hour observations 
occurring on the same date, yielding a harmonized hourly system-level 
dataset containing 10,572 hourly observations.

Meteorological data were obtained from the ERA5 and ERA5-Land 
reanalysis products developed by the European Centre for Medium- 
Range Weather Forecasts (ECMWF). ERA5 is a global atmospheric 
reanalysis that combines observations with numerical weather models 
to provide hourly estimates of atmospheric variables at ~31 km reso
lution. ERA5-Land is a complementary dataset derived from ERA5 that 
provides higher spatial resolution (~9 km) estimates over land surfaces, 
with improved representation of land-atmosphere processes. We used 
the ERA5products because they provide data at an hourly-time 
resolution.

2.2.1. Hourly air temperature and precipitation data
We used ERA5-Land to obtain hourly near-surface (2 m) temperature 

(◦C) and total precipitation (~9 km resolution). Precipitation (m) was 
converted to millimeters and assigned to each bus stop at the corre
sponding hour. Variables were extracted at each bus-stop in GEE for all 
hours within the study period.

2.2.2. Universal Thermal Climate Index (UTCI)
Hourly UTCI was computed at each bus stop using meteorological 

and radiative inputs from the ERA5-Land and ERA5, following Di Napoli 
et al. (2018) and Brimicombe et al. (2022). From ERA5-Land, we 
extracted 2-m air temperature, 2-m dew point temperature, 10-m wind 
components (u and v), and surface shortwave and longwave radiation 
terms (downwelling and net). Because ERA5-Land does not provide 
total-sky direct shortwave radiation, this variable was obtained from 
ERA5.

Mean radiant temperature was calculated using the thermofeel Py
thon package (Brimicombe et al., 2022), combining radiation compo
nents and solar geometry. Wind speed was derived from 10-m wind 
components and water vapor pressure from dew point temperature. 
UTCI was then computed using the standard polynomial approximation 
and expressed in ◦C.

Although exposures were assigned at bus stop locations, ERA5 and 
ERA5-Land represent area-averaged conditions at relatively coarse 
spatial resolution and do not capture microclimate variability at indi
vidual stops (e.g., shading, built environment, or localized wind condi
tions). Accordingly, we interpret exposure-response relationships at the 
transit system (regional) scale. This aggregation may smooth over 
localized meteorological variability within the transit network, partic
ularly for convective precipitation and microclimatic heat differences 
between stops. This spatial alignment motivates specification of the 
primary models at the system-hour level, while allowing incorporation 
of stop-level attributes in effect-modification analyses.

2.3. Wildfire smoke exposure

Wildfire smoke exposure at each bus stop was characterized using 
the NOAA NOAA, 2025 smoke product (NOAA, 2025), which provides 
daily spatial plume polygons and categorical smoke density classifica
tions (light, medium, heavy) across North America.

For each day in 2022-2023, HMS smoke polygons were intersected 
with bus-stop point locations in GEE. A bus stop was considered smoke- 

exposed on a given day if it fell within any HMS plume polygon. When 
available, plume density was assigned as an ordinal exposure metric 
(light <medium < heavy) to capture variation in smoke intensity.

Because HMS is based on satellite imagery and analyst interpreta
tion, it provides qualitative rather than quantitative estimates of smoke 
exposure; accordingly, we interpret these measures as indicators of 
smoke presence and relative intensity rather than precise concentration 
levels.

2.4. Ozone exceedance days

Under the 2015 National Ambient Air Quality Standards (NAAQS), 
the 8-h ozone standard is 0.070 ppm. To identify exceedance days, we 
used daily 8-h ozone observations from regulatory monitors located in 
Front Range counties that have been out of compliance (Adams, Arap
ahoe, Boulder, Broomfield, Denver, Douglas, Jefferson, Larimer, and 
Weld).

For each monitoring site, we extracted the daily maximum 8-h ozone 
concentration. A day was classified as an exceedance day if any monitor 
reported a value greater than 0.070 ppm. Exceedances were then 
collapsed to unique calendar dates, yielding a binary indicator of 
whether the region experienced an ozone exceedance on each day of the 
study period.

To align environmental exposures with the system-level ridership 
outcome, hourly meteorological variables (e.g., UTCI and precipitation) 
were aggregated to system-wide means. Wildfire smoke exposure was 
summarized as the maximum plume density observed across all bus 
stops on each day. Ozone exceedances were defined at the regional 
(system-wide) scale and merged directly with the hourly ridership time 
series, yielding a harmonized system-level dataset.

2.5. Additional covariates

We used RTD data on bus stop amenities to classify stops according to 
whether a shelter was present (section S3). Information on shelter 
amenities was unavailable for 322 stops, primarily due to ongoing 
construction at the time of data collection. These stops were primarily 
located along Colfax Avenue (currently being converted into a BRT 
corridor), Wadsworth Avenue, and the 16th Street Mall. In addition, 
stops at major regional transit hubs (e.g., Union Station and Civic Center 
Station), which serve intercity routes and park-n-rides, were not 
included in the amenities survey. We excluded all stops with missing 
amenity data from shelter-specific analyses.

Section S3 characterizes the distribution of shelter amenities across 
the transit network, including differences by neighborhood context and 
vulnerability. These descriptive patterns provide context for interpret
ing infrastructure-stratified analyses but are not directly incorporated 
into the main statistical models.

2.6. Statistical methods

We first present descriptive statistics summarizing average envi
ronmental exposures and their correlations with system-wide bus 
boardings.

Hourly system-level boardings were analyzed using a fixed-effects 
negative binomial distributed lag nonlinear modeling (DLNM) frame
work to estimate potentially nonlinear and delayed associations with 
thermal stress (UTCI) and precipitation (Gasparrini, 2011, 2014; 
Gasparrini et al., 2010). Models were implemented using the dlnm 
package in R.

DLNMs are specifically designed for time-series settings where ex
posures may have both nonlinear effects and delayed impacts over time. 
The approach constructs a cross-basis function that simultaneously 
represents (1) the exposure-response relationship (e.g., nonlinear effects 
of heat intensity) and (2) the lag-response relationship (e.g., how effects 
unfold over subsequent hours). By modeling all lags jointly, DLNMs 
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estimate the contribution of each lag while adjusting for other lags, 
avoiding bias from serially correlated exposures. This framework is 
widely used in environmental epidemiology to study short-term effects 
of weather and air pollution on health and behavior.

Let yht denote total system boardings in hour h on calendar day t. The 
conditional mean was specified as: 

log (E[yht |Xht]) = β1UTCIht + β2Precht + β3Smoket + β4OzoneExceededt   

+ δh +ωd + μm + εsh (1) 

Where UTCIht and Precht represent hourly thermal stress and precipita
tion, Smoket indicates wildfire smoke exposure, and OzoneExceededt 
indicates daily ozone exceedance.

To account for temporal structure in ridership, we included fixed 
effects for hour of day (γh), day-of-week (δd), and month-year (μm), 
which capture diurnal cycles, weekly travel patterns, and seasonal 
variation. This specification absorbs much of the serial dependence in 
ridership by controlling for systematic temporal patterns, while day- 
level clustered standard errors account for residual within-day auto
correlation. Standard errors are clustered at the calendar-day level to 
allow arbitrary correlation among hourly observations within the same 
day.

UTCI and precipitation were each modeled using DLNM cross-basis 
functions with a maximum lag of 24 h, allowing exposure effects to 
vary nonlinearly and evolve over time. The 24-h lag window captures 
short-term behavioral responses within a day, consistent with prior 
literature on transit use. Cross-basis functions were parameterized using 
natural cubic splines for both the exposure-response and lag-response 
dimensions. Spline complexity was selected via grid searches over de
grees of freedom (2-10) for both dimensions, choosing specifications 
that minimized the Akaike Information Criterion (AIC). The final spec
ification included UTCI (lags 0-24 h; 5 lag-response df; 6 exposure- 
response df) and precipitation (lags 0-24 h; 4 lag-response df; 10 
exposure-response df).

In contrast, ozone exceedance and wildfire smoke were modeled as 
day-level indicator variables rather than using DLNM cross-basis func
tions. This reflects their episodic nature, limited within-day temporal 
variation, and the absence of sufficient information to estimate flexible 
lag-response relationships at the hourly scale. Because these variables 
vary primarily between days rather than within days, estimated co
efficients should be interpreted as differences in the overall hourly 
ridership profile on exposed versus non-exposed days after adjustment 
for systematic temporal patterns, rather than as true intra-day exposure- 
response effects.

In sensitivity analyses, we varied the maximum lag window (12, 24, 
36, 48, and 72 h) and estimated alternative models using air tempera
ture in place of UTCI. Results were robust across specifications.

Model outputs are presented as lag-specific and cumulative relative 
risks (RRs), aggregated over lag windows (0-3, 0-6, 0-12, and 0-24 h). 
Effects are expressed relative to the median exposure. Coefficients were 
exponentiated to obtain RRs, and then converted to percent differences 
in expected boardings using 100×(e βk-1).

2.6.1. Effect modification
To assess heterogeneity in weather-ridership associations, we 

extended the DLNM framework using stratified modeling approaches 
across key temporal, policy, and infrastructure dimensions.

We first estimated fully stratified DLNMs across temporal and 
contextual domains: (1) time-of-day and weekday period (AM peak 
06:00-08:59; mid-day 09:00-14:59; PM peak 15:00-18:59; early/late 
19:00-05:59; weekend), following Denver Regional Council of Govern
ments (DRCOG) definitions; (2) season (winter, spring, summer, fall); 
and (3) fare policy (free-fare vs. fare-required). The free-fare period 
corresponds to RTD's Zero Fare for Better Air program, which operated 
system-wide during August 2022 and July-August 2023. Within each 

stratum, we applied the same model specification, including lag struc
ture, spline functions, covariates, fixed effects, and clustered standard 
errors. Smoke density and ozone exceedances were omitted in strata 
with no within-stratum variation.

To evaluate heterogeneity by stop-level infrastructure, we imple
mented a stratified aggregation approach based on shelter availability. 
Stop-level observations were first classified according to whether a 
shelter was present, and separate system-level hourly time series were 
constructed by summing boardings across stops within each stratum 
(sheltered vs. unsheltered). DLNMs were then estimated separately 
within each stratum using identical specifications. Differences in 
exposure-response relationships across strata were interpreted as evi
dence of effect modification, and statistical significance was assessed 
using joint Wald tests comparing cross-basis coefficients across models.

Because shelter availability is not randomly assigned and is corre
lated with underlying spatial and service characteristics (e.g., stop 
location, demand, and network design), these analyses do not estimate 
causal effects of shelter provision. In addition, because outcomes are 
aggregated within strata, models do not include stop fixed effects and do 
not isolate within-stop variation. Accordingly, results should be inter
preted as system-level differences in weather-ridership associations 
across groups of stops with different infrastructure characteristics, 
rather than as causal stop-level effects. Descriptive evidence on the non- 
random distribution of shelters is provided in section S3.

For time-of-day, season, and fare-policy strata, heterogeneity was 
assessed through stratified models rather than formal interaction tests, 
as these strata represent distinct behavioral and temporal regimes where 
within-context associations are of primary interest. Exposure contrasts 
were defined using stratum-specific distributions (10th, median, and 
90th percentiles), ensuring that estimated associations reflect deviations 
from typical conditions within each context rather than between-period 
differences.

All analyses were carried out in R v4.5.0. This study follows the 
Strengthening the Reporting of Observational Studies in Epidemiology 
(STROBE) reporting guideline for observational research. Statistical 
significance was assessed as p < 0.05.

3. Results

3.1. Descriptive patterns in ridership and environmental exposures

Fig. S3 shows temporal variation in average hourly boardings across 
the study period, stratified by week, day, season, and weekday versus 
weekend. Ridership followed the expected diurnal pattern, with a 
morning peak and a larger evening peak. Boardings increased notably 
during July and August, coinciding with RTD's Zero Fare for Better Air 
program (Webster, 2024).

Fig. S4 and S5 show corresponding temporal patterns for environ
mental exposures. UTCI and air temperature tracked each other closely, 
with the highest values occurring in summer and during afternoon hours 
(Fig. S4). Precipitation was more episodic and was highest in spring 
(Fig. S5). Ridership patterns were broadly similar at stops with and 
without shelters (Fig. S6).

Table 1 summarizes system-wide hourly boardings and concurrent 
environmental conditions. Across the analytic period, hourly boardings 
ranged from 0 to 19,133, with a mean of 3632 and a median of 3334. 
There were 171 wildfire smoke days during the study period, including 4 
heavy-smoke days, 18 medium-smoke days, and 156 light-smoke days. 
Ozone exceedances occurred on 60 days across 2022 and 2023.

To aid interpretation of later DLNM results, Table 1 also reports the 
exposure values used for key contrasts. For UTCI, the 10th percentile 
(cold) was − 14.2 ◦C and the 90th percentile (hot) was 35.2 ◦C. For 
precipitation, the 90th percentile (“wet”) was 0.12 mm/h, while the 
10th percentile corresponded to dry conditions.
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3.2. System-wide associations

Fig. 1 and Table 2 summarize the main distributed lag nonlinear 
model results for system-wide hourly ridership. Fig. 1 shows how esti
mated effects evolve hour by hour after exposure, while Table 2 reports 
cumulative effects over four lag windows (0-3, 0-6, 0-12, and 0-24 h). 
We focus on contrasts between cold versus median UTCI, hot versus 
median UTCI, and wet versus median precipitation.

Cold thermal stress was associated with clear and persistent re
ductions in ridership. Relative to median conditions, UTCI at the 10th 

percentile (− 14.2 ◦C) was associated with cumulative declines of 9.2% 
over 0-3 h (95% CI: − 14.4%, − 3.7%), 10.9% over 0-6 h (95% CI: 
− 17.0%, − 4.2%), 10.5% over 0-12 h (95% CI: − 18.3%, − 1.8%), and 
15.7% over 0-24 h (95% CI: − 26.0%, − 4.0%). These results indicate that 
cold suppressed ridership quickly and that the effect accumulated over 
the course of the day.

Hot thermal conditions showed a different pattern. At the 90th 
percentile of UTCI (35.2 ◦C), cumulative effects over 0-3 and 0-6 h were 
small and not statistically distinguishable from zero, and remained 
imprecise over 0-12 h. However, over the full 24-h window, hot 

Table 1 
Descriptive statistics for system-wide hourly bus boardings and concurrent weather exposures, including Universal Thermal Climate Index (UTCI), 2-m air temperature 
(◦C), and hourly precipitation (mm), aggregated at the hourly level. For each variable, we present the number of hourly observations and number of contributing days, 
along with the minimum, 5th, mean, median, 75th, 95th percentiles, and maximum. Statistics are shown for the full study period and stratified by time-of-day/ 
weekday period, season, fare policy (free-fare vs non-free fare), and the subset of non-free fare hours during summer. Weather variables represent system-wide 
hourly averages across stops, and boardings represent total system boardings per hour.

Group Stratum N hours N days Min 5th percentile Mean Median 75th percentile 95th percentile Max

Boardings
Overall All 10,572 476 0 37 3632 3334 5644 8473 19133
Period AM Weekday 930 310 83 4167 5886 5760 6655 8174 14835

MD Weekday 1860 310 88 4421 5973 5873 6713 7875 16635
PM Weekday 1240 388 69 4189 7505 7601 9158 10415 19133
EL Weekday 3459 396 0 9 1407 1178 2412 3533 9579
Weekend 3083 199 0 30 2479 2476 3802 5276 9242

Season Spring 2111 92 0 41 3455 3132 5336 7911 10081
Summer 4150 184 0 41 3838 3680 5915 8590 19133
Fall 2524 120 0 36 3645 3225 5723 8930 12683
Winter 1787 85 0 31 3345 2866 5287 7761 10222

Fare status Free-fare 2130 95 0 44 4339 4408 6627 9332 12799
Fare Required 8442 384 0 37 3454 3106 5336 7987 19133
Fare Required (Summer) 2020 90 0 39 3310 3127 4970 7109 19133

UTCI (oC)
Overall All 10572 476 − 34.6 − 19.3 11.5 12.3 24.5 38.9 46.0
Period AM Weekday 930 310 − 33.1 − 24.6 1.5 4.8 12.6 22.3 26.6

MD Weekday 1860 310 − 22.9 − 1.6 25.2 28.2 35.6 42.1 46.0
PM Weekday 1240 388 − 22.3 − 8.0 22.2 26.6 34.2 41.0 45.5
EL Weekday 3459 396 − 34.6 − 21.7 2.9 6.7 13.5 22.2 35.3
Weekend 3083 199 − 29.7 − 19.2 11.4 12.6 23.7 38.4 45.0

Season Spring 2111 92 − 25.6 − 14.7 6.8 5.1 19.1 32.1 38.2
Summer 4150 184 − 1.5 7.2 22.8 20.4 33.6 41.5 46.0
Fall 2524 120 − 29.0 − 14.9 10.7 9.5 21.9 35.8 44.2
Winter 1787 85 − 34.6 − 27.8 − 8.2 − 12.6 2.3 19.4 29.5

Fare status Free-fare 2130 95 5.0 8.5 23.4 20.7 34.2 41.7 45.7
Fare Required 8442 384 − 34.6 − 20.4 8.4 9.2 21.5 36.5 46.0
Fare Required (Summer) 2020 90 − 1.5 6.0 22.1 20.0 32.6 41.4 46.0

Precipitation (mm)
Overall All 10572 476 0 0 0.07 0 0.009 0.4 6.0
Period AM Weekday 930 310 0 0 0.03 0 0.001 0.1 2.0

MD Weekday 1860 310 0 0 0.06 0.001 0.01 0.3 3.9
PM Weekday 1240 388 0 0 0.1 0.006 0.08 0.7 6.0
EL Weekday 3459 396 0 0 0.07 0 0.004 0.4 3.3
Weekend 3083 199 0 0 0.05 0 0.006 0.3 3.7

Season Spring 2111 92 0 0 0.09 0.001 0.03 0.5 3.5
Summer 4150 184 0 0 0.09 0 0.02 0.5 6.0
Fall 2524 120 0 0 0.04 0 0.001 0.2 3.7
Winter 1787 85 0 0 0.04 0 0.004 0.2 2.3

Fare status Free-fare 2130 95 0 0 0.08 0 0.01 0.4 6.0
Fare Required 8442 384 0 0 0.06 0 0.009 0.4 3.7
Fare Required(Summer) 2020 90 0 0 0.09 0.001 0.02 0.6 3.0

Air temperature (oC)
Overall All 10572 476 − 27.4 − 8.5 11.9 13.7 20.8 29.7 35.1
Period AM Weekday 930 310 − 26.7 − 12.7 6.5 9.4 15.2 20.1 24.6

MD Weekday 1860 310 − 24.5 − 4.5 16.0 18.5 25.1 31.6 35.0
PM Weekday 1240 388 − 18.6 − 3.4 17.7 20.3 27.4 32.7 35.0
EL Weekday 3459 396 − 27.4 − 10.5 9.2 11.8 18.0 24.7 32.9
Weekend 3083 199 − 23.4 − 7.7 11.8 13.2 20.1 29.3 35.1

Season Spring 2111 92 − 10.3 − 5.0 6.9 7.0 12.4 20.9 25.9
Summer 4150 184 3.8 11.7 21.3 20.6 26.1 31.9 35.1
Fall 2524 120 − 16.5 − 5.2 12.2 12.4 18.9 27.5 34.5
Winter 1787 85 − 27.4 − 16.0 − 4.2 − 4.3 0.1 8.6 14.1

Fare status Free-fare 2130 95 10.8 13.9 22.1 21.3 26.6 31.9 35.0
Fare Required 8442 384 − 27.4 − 9.6 9.4 10.2 18.1 28.2 35.1
Fare Required(Summer) 2020 90 3.8 10.6 20.4 19.8 25.4 31.8 35.1
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conditions were associated with an 11.9% decline in cumulative rider
ship (95% CI: − 21.7%, − 0.7%). Thus, unlike cold, heat did not produce 
strong immediate reductions but was associated with lower same-day 
ridership overall.

Precipitation produced sharp but short-lived decreases in ridership. 
At the 90th percentile of hourly precipitation (0.12 mm), boardings 
declined by 8.4% over 0-3 h (95% CI: − 13.2%, − 3.4%) and 9.8% over 0- 

6 h (95% CI: − 15.6%, − 3.5%). These associations weakened by 0-12 h 
and were no longer detectable by 0-24 h. This pattern suggests that rain 
mainly discourages travel in the near term rather than generating 
persistent same-day suppression.

Overall, environmental exposures exhibited distinct temporal sig
natures: cold was associated with immediate and persistent suppression, 
precipitation with immediate but transient reductions, and heat with 

Fig. 1. Lag-response associations between weather conditions and system-wide hourly bus ridership. Panel (A) shows precipitation and Panel (B) shows thermal 
stress measured by the Universal Thermal Climate Index (UTCI). Curves represent percent changes in expected hourly boardings at each lag (0-24 h) relative to 
median exposure levels. For each panel, lines compare low (10th percentile) and high (90th percentile) exposure conditions to the median (reference). Solid lines 
denote point estimates and shaded ribbons indicate 95% confidence intervals. The x-axis represents hours since exposure and the y-axis represents percent change in 
expected boardings. Negative values indicate reductions in ridership relative to median conditions. Estimates are derived from fixed-effects negative binomial 
distributed lag nonlinear models (DLNMs), which simultaneously model nonlinear exposure-response relationships and lagged effects. Models include fixed effects for 
hour of day, day of week, and month-year, with standard errors clustered at the day level.

Table 2 
Cumulative percent changes in expected system-wide hourly bus boardings associated with weather conditions, relative to median exposure levels. Estimates are 
aggregated over lag windows from 0 to 24 h using fixed-effects negative binomial distributed lag nonlinear models (DLNMs), which account for both nonlinear 
exposure-response relationships and delayed effects over time. Cold and hot thermal conditions are defined as the 10th and 90th percentiles of system-wide hourly 
UTCI, respectively. Wet and dry conditions correspond to the 90th and 10th percentiles of hourly precipitation. Percent changes represent the total cumulative effect of 
exposure across the specified lag window, compared to median conditions. Models adjust for hour-of-day, day-of-week, and month-year fixed effects to control for 
temporal patterns in ridership, with standard errors clustered at the day level. Statistically significant estimates (95% confidence interval excluding zero) are shown in 
bold.

Exposure Exposure level Lag window Percent change (95% CI)

UTCI Cold (p10, − 14.2 ◦C) 0-3 h ¡9.2% (-14.4%, -3.7%)
0-6 h ¡10.9% (-17.0%, -4.2%)
0-12 h ¡10.5% (-18.3%, -1.8%)
0-24 h ¡15.7% (-26.0%, -4.0%)

Hot (p90, 35.2 ◦C) 0-3 h 2.1% (− 2.7%, 7.2%)
0-6 h 5.6% (− 0.4%, 11.9%)
0-12 h 5.4% (− 3.2%, 14.7%)
0-24 h ¡11.9% (-21.7%, -0.7%)

Precipitation Dry (p10, 0 mm) 0-3 h − 2.3% (− 7.0%, 2.7%)
0-6 h − 3.0% (− 8.7%, 3.1%)
0-12 h − 0.6% (− 8.2%, 7.6%)
0-24 h 18.7% (− 7.2%, 52.0%)

Wet (p90, 0.12 mm) 0-3 h ¡8.4% (-13.2%, -3.4%)
0-6 h ¡9.8% (-15.6%, -3.5%)
0-12 h − 7.3% (− 15.5%, 1.6%)
0-24 h 0.3% (− 22.0%, 29.1%)
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weaker short-term associations that emerged cumulatively over longer 
windows.

Ambient air quality indicators showed limited associations with 
system-wide ridership. Wildfire smoke and ozone exceedance were not 
consistently associated with hourly boardings after adjustment for 
weather and temporal patterns (Table S1). Point estimates for smoke 
exposure were small and imprecise across categories, and ozone ex
ceedance days were not associated with statistically detectable changes 
in ridership. These results suggest that, within the current hourly 
modeling framework, short-term variation in ridership was more 
strongly associated with weather conditions than with the day-level 
ambient air quality indicators examined here.

3.3. Associations by time of day and day type

Fig. 2 and Table S2 show that weather-ridership associations differed 
substantially across time-of-day and weekday/weekend periods. In 
Fig. 2, each point represents the cumulative percent change in ridership 

for a given exposure contrast and lag window, and the horizontal bars 
show the corresponding 95% confidence intervals.

During AM peak weekday hours, heat was most salient. Hot UTCI 
(90th percentile versus median) was associated with progressively 
larger cumulative reductions in ridership, ranging from − 15.5% over 0- 
3 h (95% CI: − 26.9%, − 2.3%) to − 32.9% over 0-24 h (95% CI: − 45.3%, 
− 17.6%). In contrast, cold and precipitation were not significantly 
associated with AM peak ridership.

During midday weekday hours, precipitation showed the strongest 
effects. Wet conditions were associated with increasingly large cumu
lative declines as the lag window lengthened, from − 9.4% over 0-3 h 
(95% CI: − 14.3%, − 4.2%) to − 35.0% over 0-24 h (95% CI: − 46.6%, 
− 20.9%). Midday heat was also associated with reduced ridership at 
short and intermediate lags, while cold effects were close to null.

During PM peak weekday hours, both weather (Fig. 2) and air quality 
associations (Table S2) were generally weak and imprecise. In the early/ 
late weekday period, however, both cold and wet conditions were 
associated with significant short-run reductions in ridership. Heat, by 

Fig. 2. Stratified cumulative effects of weather conditions on system-wide hourly bus ridership across time-of-day, season, and fare policy. Points represent cu
mulative percent changes in expected hourly boardings relative to median exposure, and horizontal bars denote 95% confidence intervals. Columns correspond to 
cumulative lag windows (0-3 h, 0-6 h, 0-12 h, and 0-24 h), representing the total effect of exposure over increasing time horizons. Rows show results stratified by (i) 
time-of-day and weekday period (AM peak, midday, PM peak, early/late, weekend), (ii) season (spring, summer, fall, winter), and (iii) fare policy (free fare, fare- 
required, and summer fare-required). Panels display contrasts for wet precipitation (90th percentile vs median), cold thermal stress (UTCI 10th percentile vs median), 
and hot thermal stress (UTCI 90th percentile vs median). The vertical reference line at 0 indicates no change in ridership; values to the left indicate reductions, and 
values to the right indicate increases relative to median conditions. Estimates are derived from fixed-effects negative DLNMs, which capture nonlinear exposure- 
response relationships and cumulative lagged effects. All models adjust for hour-of-day, day-of-week, and month-year fixed effects, with standard errors clustered 
at the day level.
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contrast, was associated with a short-run increase over 0-3 h, although 
this did not persist at longer lags.

Weekend ridership showed a different pattern. Cold conditions were 
associated with clear short-run declines, including − 19.5% over 0-3 h 
(95% CI: − 30.1%, − 7.3%) and − 19.5% over 0-6 h (95% CI: − 31.9%, 
− 4.7%), whereas associations with heat and precipitation were gener
ally unstable and statistically insignificant.

Taken together, these results indicate that heat mainly reduced 
weekday daytime ridership, especially during the morning and midday 
periods; cold mattered more for off-peak and weekend travel; and as
sociations with precipitation were largest during midday and early/late 
periods rather than during peak commute hours.

Air quality associations were weaker than weather associations in all 
time strata. Ozone exceedance was generally not associated with 
ridership, with the exception of one positive AM weekday association 
estimate of 7.3% (95% CI: 1.2%, 13.7%). Wildfire smoke effects were 
concentrated in the morning commute: medium smoke was associated 
with a 6.8% decline in ridership (95% CI: − 13.0%, − 0.1%), and heavy 
smoke with a 16.6% decline (95% CI: − 30.2%, − 0.3%). Detectable 
smoke associations were otherwise limited (Table S2).

3.4. Associations by season

Season-stratified models revealed substantial variation in weather- 
ridership associations over the calendar year (Fig. 2; Table S2). Associ
ations with precipitation were strongest in cooler seasons, especially 
fall.

In fall, wet conditions were associated with increasingly large cu
mulative declines as the lag window lengthened, from − 10.4% over 0- 
3 h (95% CI: − 18.8%, − 1.0%) to − 33.4% over 0-24 h (95% CI: − 48.9%, 
− 13.2%). In winter, precipitation was associated with a significant 
short-run reduction over 0-3 h, but estimates became weaker and more 
imprecise at longer lags. In spring, associations with precipitation were 
modest and not statistically distinguishable from zero. In summer, pre
cipitation estimates were directionally positive at short lags but 
remained imprecise throughout.

Cold thermal stress also varied by season. In spring, cold was asso
ciated with a significant short-run decline in ridership over 0-3 h, while 
in fall the effect emerged more gradually and was strongest in cumula
tive 0-24-h estimates. In winter, cold effects were consistently negative 
but modest and imprecise, and in summer they were minimal.

Associations with heat also differed seasonally. In winter, warmer- 
than-usual conditions were associated with increased ridership at in
termediate lags, consistent with relative relief from cold conditions. By 
contrast, associations with spring and summer heat were generally small 
and statistically indistinguishable from zero, and fall heat estimates 
were also imprecise.

Air quality indicators were not significantly associated with ridership 
in any individual season. Overall, these results suggest that precipitation 
had the clearest seasonal pattern, with the strongest effects in fall and 
winter, while cold mattered most in spring and fall and warmer winter 
conditions were associated with higher ridership.

3.5. Associations by fare-policy

Because RTD's free-fare program operated only during summer 
months, we compared the free-fare period to two reference conditions: 
the full fare-required period and the subset of summer fare-required 
days (Fig. 2; Table S2).

Associations with precipitation were strongest when fares were 
required. Across all fare-required periods, wet conditions were associ
ated with reductions in ridership of − 10.2% over 0-3 h (95% CI: 
− 18.3%, − 1.4%) and − 11.9% over 0-6 h (95% CI: − 21.9%, − 0.6%). In 
contrast, during the free-fare period, associations with precipitation 

were imprecise and not statistically distinguishable from zero across all 
lag windows. Similar null findings were observed in the summer fare- 
required comparison, suggesting that the weaker precipitation 
response during free fare may reflect both fare context and summer 
travel behavior.

Cold thermal stress also differed by fare policy. During fare-required 
periods, cold was associated with short-run declines in ridership over 0- 
3 and 0-6 h. During the free-fare period, these cold effects were not 
statistically distinguishable from zero. In the summer fare-required 
stratum, cooler-than-typical summer conditions were associated with a 
large cumulative increase over 0-24 h, indicating that relative cooling 
during summer may encourage transit use when fares remain in place.

Associations with heat also varied by fare status. During the free-fare 
period, hot conditions were associated with higher short-run ridership, 
including a 23.3% increase over 0-6 h (95% CI: 2.1%, 48.8%). By 
contrast, associations with heat during fare-required periods were 
generally small and imprecise.

Air quality indicators were not significantly associated with ridership 
in either fare stratum. Overall, rain and cold were associated with short- 
lag reductions in ridership across most strata, although this pattern did 
not hold in the summer fare-required comparison, where cooler-than- 
typical conditions were associated with neutral or positive cumulative 
responses. These results indicate that weather-ridership relationships 
depend not only on absolute exposure levels but also on seasonal context 
and fare conditions.

3.6. Effect modification by shelter availability

Shelter-stratified analyses revealed differences in weather-ridership 
associations across groups of stops defined by infrastructure (Table 3; 
Fig. 2). These analyses were conducted by aggregating ridership 

Table 3 
Percent changes represent cumulative effects relative to median exposure, 
estimated from fixed-effects negative binomial distributed lag non-linear models 
with lag 0-24 h. Models include fixed effects for hour of day, day of week, and 
month-year and standard errors clustered by day. Cold and hot UTCI correspond 
to the 10th and 90th percentiles of system-wide hourly UTCI; wet precipitation 
corresponds to the 90th percentile of hourly precipitation. Statistically signifi
cant results are bolded.

Shelter Exposure Contrast Lag 
window

% change in boardings 
(95% CI)

No Precipitation Wet (p90) 0-3 h ¡10.4% (-15.4%, -5.0%)
No Precipitation Wet (p90) 0-6 h ¡11.8% (-18.0%, -5.1%)
No Precipitation Wet (p90) 0-24 h 2.2% (− 26.0%, 41.0%)
Yes Precipitation Wet (p90) 0-3 h ¡8.6% (-13.7%, -3.2%)
Yes Precipitation Wet (p90) 0-6 h ¡10.8% (-16.9%, -4.3%)
Yes Precipitation Wet (p90) 0-24 h − 7.0% (− 25.5%, 16.1%)
No UTCI Cold 

(p10)
0-3 h ¡11.7% (-16.9%, -6.2%)

No UTCI Cold 
(p10)

0-6 h ¡13.2% (-19.6%, -6.3%)

No UTCI Cold 
(p10)

0-24 h ¡18.4% (-29.0%, -6.4%)

Yes UTCI Cold 
(p10)

0-3 h ¡10.5% (-15.3%, -5.4%)

Yes UTCI Cold 
(p10)

0-6 h ¡12.0% (-18.0%, -5.6%)

Yes UTCI Cold 
(p10)

0-24 h ¡18.6% (-28.9%, -7.0%)

No UTCI Hot (p90) 0-3 h 3.3% (− 1.9%, 8.7%)
No UTCI Hot (p90) 0-6 h 6.4% (0.1%, 13.0%)
No UTCI Hot (p90) 0-24 h − 11.6% (− 22.3%, 0.5%)
Yes UTCI Hot (p90) 0-3 h 0.8% (− 3.8%, 5.7%)
Yes UTCI Hot (p90) 0-6 h 2.5% (− 3.1%, 8.5%)
Yes UTCI Hot (p90) 0-24 h ¡14.2% (-24.2%, -2.8%)
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separately for sheltered and unsheltered stops and estimating DLNMs 
within each stratum.

Associations with precipitation were similar across shelter strata. 
Among unsheltered stops, wet conditions (p90 vs median) were associ
ated with reductions of − 10.4% (95% CI: − 15.4%, − 5.0%) over 0-3 h 
and − 11.8% (95% CI: − 18.0%, − 5.1%) over 0-6 h. Comparable short- 
run reductions were observed among sheltered stops (− 8.6% (95% CI: 
− 13.7%, − 3.2%) over 0-3 h; − 10.8% (95% CI: − 16.9%, − 4.3%) over 0- 
6 h), with attenuation at longer lags. Although formal interaction tests 
indicated statistical differences between strata (p < 0.001), the magni
tude and temporal pattern of precipitation associations were broadly 
similar, indicating limited practical modification by shelter availability.

Cold thermal stress was associated with strong and consistent re
ductions in ridership in both strata. Among unsheltered stops, cold 
conditions were associated with − 11.7% (95% CI: − 16.9%, − 6.2%) 
over 0-3 h and − 18.4% (95% CI: − 29.0%, − 6.4%) over 0-24 h. Nearly 
identical reductions were observed among sheltered stops (− 10.5% 
(95% CI: − 15.3%, − 5.4%) over 0-3 h; − 18.6% (95% CI: − 28.9%, 
− 7.0%) over 0-24 h), indicating minimal modification of cold-related 
suppression by shelter availability.

In contrast, heat associations differed more substantially by shelter 
status. Among unsheltered stops, hot conditions were associated with a 
short-run increase in ridership (6.4% (95% CI: 0.1%, 13.0%) over 0-6 h), 
followed by attenuation and a shift toward cumulative reductions over 
24 h (− 11.6% (95% CI: − 22.3%, 0.5%)). Among sheltered stops, no 
short-term increase was observed; instead, hot conditions were associ
ated with cumulative declines (− 14.2% (95% CI: − 24.2%, − 2.8%) over 
0-24 h). These differences indicate that shelter availability is associated 
with distinct temporal response patterns to heat exposure.

Taken together, shelter availability was associated with clear dif
ferences in heat-ridership relationships, but only modest differences in 
precipitation and cold associations. Because these analyses are based on 
stratified aggregation rather than stop-level models, these patterns 
reflect differences in system-level responses across groups of stops rather 
than causal effects of shelter provision.

3.7. Sensitivity analyses

Sensitivity analyses varying the maximum lag length from 12 to 72 h 
showed that the main conclusions were driven by short-lag responses 
(Table S3). As the lag window lengthened, cumulative estimates became 
more attenuated and less precise, particularly for heat and precipitation. 
This pattern is expected in high-frequency time-series analyses because 
weather exposures are strongly autocorrelated across adjacent hours 
and days, which increases collinearity among lagged terms and reduces 
precision at longer horizons.

Associations with precipitation were robust at short lags across all 
lag specifications. Cold thermal stress also showed consistently negative 
short-run associations, although longer-horizon cumulative estimates 
were more sensitive to the chosen lag structure. Associations with heat 
were more sensitive to lag length: short-run positive associations 
strengthened somewhat in longer-lag models, whereas negative cumu
lative 0-24-h estimates became attenuated and statistically indistin
guishable from zero once the maximum lag exceeded 24 h.

Model fit modestly favored longer lag structures, but substantive 
conclusions were stable for short cumulative windows. Across all spec
ifications, the clearest and most robust findings were short-run re
ductions in ridership associated with wet precipitation and cold stress.

Replacing UTCI with air temperature yielded similar short-run re
sults (Table S4), although overall model fit modestly favored UTCI. Both 
metrics captured reduced ridership under cold conditions and small 
short-run increases under hot conditions. However, only UTCI produced 
a statistically significant negative 0-24-h cumulative heat association, 
suggesting that UTCI may better capture the physiologically relevant 
dimensions of thermal stress.

4. Discussion and policy implications

Using high-frequency ridership and environmental data, we find that 
short-term weather exposures exert strong, asymmetric, and time- 
dependent effects on urban bus use. Cold stress and precipitation pro
duce immediate reductions in ridership, whereas associations with heat 
are weaker, more heterogeneous, and emerge primarily through cu
mulative same-day responses. These associations vary by time of day, 
season, fare policy, and stop-level infrastructure.

Cold stress was associated with the largest and most consistent 
ridership declines. Exposure to cold conditions reduced boardings by 
~9-11% within 3-6 h and by ~16% over 24 h, indicating both imme
diate and sustained suppression. This pattern aligns with prior work 
showing that cold disproportionately constrains transit use in systems 
reliant on outdoor waiting and transfers (Arana et al., 2014; Barnes, 
2015; Guo et al., 2007). Associations with precipitation were similarly 
large but short-lived, with reductions of ~8-10% within 3-6 h and little 
evidence of cumulative impacts beyond the same day, consistent with 
short-term trip deferral (Böcker et al., 2013; Guo et al., 2007).

Heat responses were smaller and less consistent. At the system level, 
hot conditions produced modest short-run increases but net cumulative 
declines over 24 h. Stratified analyses indicate that associations with 
heat were concentrated during weekday daytime periods, particularly 
the morning and mid-day, while off-peak responses were weaker. These 
findings are consistent with a combination of behavioral adaptation, 
schedule rigidity, and short-run substitution toward transit under 
moderate heat (Böcker et al., 2013; Singhal et al., 2014). The asymmetry 
between cold and heat responses suggests that, in the Denver Metro
politan Area, cold remains the primary thermal constraint, while heat 
possibly accumulate over longer exposure windows.

Weather sensitivity varied with trip context. Off-peak and discre
tionary travel were generally more responsive to precipitation and cold, 
whereas peak commuting was comparatively less sensitive to these ex
posures. However, heat exhibited measurable suppressive associations 
even during peak periods, particularly in the AM commute, indicating 
that thermal stress can influence travel behavior even when schedule 
flexibility is limited. Fare policy further modified these relationships: 
cold and precipitation associations were attenuated during free-fare 
periods, and heat was associated with short-run increases in ridership 
when fares were removed. These patterns suggest that cost reductions 
can partially offset environmental deterrence.

Stop-level infrastructure conditioned responses to environmental 
exposures, with the most substantively meaningful modification 
observed for heat. Although the precipitation × shelter interaction was 
statistically significant, precipitation associations were similar in 
magnitude and temporal pattern across sheltered and unsheltered stops, 
indicating limited practical modification. Cold-related suppression was 
likewise comparable across shelter strata. In contrast, heat responses 
differed qualitatively by shelter availability: unsheltered stops exhibited 
short-run increases followed by cumulative declines, consistent with 
short-term mode substitution (walking/biking to using air conditioned 
buses) and longer-term avoidance, whereas sheltered stops showed 
sustained cumulative suppression without short-run increases. These 
findings suggest that shelter availability plays a more important role in 
shaping behavioral responses to sustained thermal stress than to pre
cipitation or cold.

These results are particularly relevant in light of documented dis
parities in shelter distribution across the transit network (section S3), 
which indicate lower shelter availability in more vulnerable commu
nities. While our analysis does not estimate causal effects of shelter 
provision, this spatial pattern implies that riders in these areas may 
experience greater exposure to adverse weather conditions, highlighting 
infrastructure as a key mediator of climate-related vulnerability.

In contrast, day-level air quality indicators showed limited associa
tions with ridership within the hourly modeling framework used here. 
Aside from reduced morning commuting during medium and heavy 
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wildfire smoke, ozone exceedances and smoke were not consistently 
associated with same-day ridership after adjustment for weather and 
temporal patterns. Overall, short-term ridership responses appear to be 
driven primarily by weather rather than ambient air quality.

Sensitivity analyses indicate that effects are concentrated within 3- 
6 h of exposure, with longer-lag estimates becoming unstable due to 
strong temporal autocorrelation. This supports focusing inference on 
short-term behavioral responses.

Several limitations warrant consideration. First, long-horizon cu
mulative effects are difficult to identify in high-frequency time series 
due to autocorrelation among lagged exposures, which reduces preci
sion as lag windows expand. Accordingly, inference is strongest for 
short-run responses within approximately 3-6 h of exposure. Second, the 
study period spans approximately 16 months, such that some seasons are 
observed only once; accordingly, seasonal analyses should be inter
preted as descriptive of within-period differences rather than as esti
mates of stable, long-term seasonal patterns. Third, exposures were 
assigned at a regional scale and may not capture microclimate or 
hyperlocal variability (deSouza et al., 2025; Ibsen et al., 2026; 
Steinharter et al., 2025, 2026). ERA5 and ERA5-Land represent 
area-averaged meteorological conditions at relatively coarse spatial 
resolution, and wildfire smoke and ozone exceedance indicators were 
measured at the daily regional scale. Consequently, system-level ag
gregation may smooth over localized meteorological variability and 
stop-level behavioral responses, particularly during convective precipi
tation events or under heterogeneous urban heat conditions. In addition, 
because wildfire smoke and ozone exceedance varied primarily between 
days rather than within days, these variables are identified through 
day-level contrasts in ridership and should not be interpreted as esti
mates of fine-scale intra-day air quality responses. Fourth, ridership 
reflects realized boardings rather than underlying travel demand, 
limiting inference on behavioral mechanisms such as trip substitution or 
deferral. Fifth, shelter availability is not randomly distributed and is 
correlated with underlying spatial and network characteristics. In 
addition, shelter-stratified analyses were based on aggregation of stops 
within strata rather than stop-level models with fixed effects; therefore, 
estimated differences may partly reflect underlying differences between 
sheltered and unsheltered stops. Accordingly, these findings should be 
interpreted as differences in system-level weather-ridership associations 
across stop types rather than causal infrastructure effects. Finally, results 
are based on a single metropolitan system and may not generalize to 
other contexts.

Policy implications. These findings have several implications for 
climate-resilient transit planning. First, because ridership responses are 
driven by short-term exposures, real-time interventions, such as service 
adjustments, rider alerts, and operational flexibility, may be more 
effective than long-term scheduling changes. Second, the attenuation of 
weather sensitivity under free-fare periods suggests that fare policy may 
help buffer climate-related disruptions, particularly for vulnerable rid
ers. Third, the strong modification of heat responses by shelter avail
ability highlights stop-level infrastructure, especially shaded and 
thermally protective shelters, as a critical and actionable adaptation 
strategy. Finally, the concentration of associations outside peak 
commuting hours suggests that climate impacts may disproportionately 
affect discretionary and off-peak travel, with implications for equity and 
access to essential services.
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