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Traffic congestion remains a persistent challenge for urban mobility,

increasing travel delays and elevating CO, emissions. The widespread use

of smartphones and GPS navigation creates new opportunities to mitigate
congestion through routing optimizationsin apps, yet real-world evidence
for the effectiveness of such interventions is limited. Here we report large-
scale empirical experiments evaluating routing-based trafficinterventions on
~100 highly congested road segments across 10 major US cities. By rerouting
asmallshare of Google Maps trips from targeted congested highway and
arterial segments to less congested alternatives of equivalent road-classes
with comparable travel times, we observe a city-average 2% increase in vehicle
speeds on theintervened segments, along with improved travel times 0.7%
and potential annual reductions exceeding 1,000 tons of CO,-equivalent
emissions per city in the majority of studied locations. These findings provide
evidence that marginal routing interventions involving a small proportion of
vehicles can measurably enhance overall road network efficiency, offering a
practical pathway to easing congestion and advancing urban sustainability.

Transportation systems have played a pivotal roleinall urban settings,
enabling the movement of goods and people, and enhancing overall
rates of productivity and economic growth'*. The prosperity of a city, as
such, isintrinsically linked to the health and efficiency of its transporta-
tion network. A crucial component allowing the efficient utilization of
transportation networks surrounds the choice of routing strategy used
tonavigate vehicles to their desired destinations. With the proliferation
of smartphonesand improvementsin Global Positioning System (GPS)
technology, anincreasing proportion of these trips has cometorely on
navigation apps such as Google Maps, Apple Maps or Waze to identify
optimal routes through a network. Early instantiations of such systems,
however, have been largely individualistic, focusing exclusively on
minimizing travel times for singular trips. While these systems have
evolved to include other metrics, such as fuel consumption® and toll
costs®, they remain essentially individualistic: they optimize a specific
criterion for either one vehicle or one fleet, without considering the
impact on overall traffic or overall emissions’. By contrast, many other
major traffic networks—such as air trafficand internet traffic—operate
through anetwork aware control system that optimizes network-wide

efficiency. Rather than minimize the travel time of agiven airplane or
byte, the system routes eachjourney in consideration of itsimpact on
the network as awhole.

Alarge body of theoretical literature has studied the outcome of
greedy versus network-optimized routing across a variety of networks,
including the internet®, supply chains’, and ground and air transpor-
tation'’. Network-optimized routing can have large advantages over
greedy per-vehiclerouting" in awide range of settings, including static
equilibrium™, mixtures of system-controlled and greedy agents”, time-
varying settings' and dynamic route assignment'>'®. However, little is
known about the improvements that are possible through network-
optimized routingin real large-scale road networks.

This article presents the first large-scale empirical evidence that
low-cost rerouting for a small proportion of vehicles can measurably
improve the overall efficiency of aroad network. Within this study, we
identify and select road segments in 10 major US cities (-100 per city)
depicting historically large levels of demand or an overabundance
of congestion during peak demand intervals. Then, over a 6-month
period, our experiment dispersed traffic away from these segments by
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Fig.1|In this study, we explore methods for reducing traffic congestion by
navigating trips away from heavily congested segments. Left: our method
impacts the costing phase of typical routing services, as outlined within the
Methods. Earlier factors, namely the selection of feasible paths, are not affected
here. Middle: within the costing phase, we assign additional costs to feasible

trips passing through preselected segments depicting disproportionate levels
of demand. Right: the added penalties reroute trips with similarly costing
alternative paths away from these segments, thereby reducing the flow of traffic
that would have otherwise been experienced within them. Imagery

©2026 Google Maps; map data ©2026 Google.

altering the costs assigned to suggested routes passing through them.
During designated ‘treatment’ periods, this modification algorithmi-
cally allowed trips with marginally similar costs to prefer paths not
containing the set of ‘targeted’ segments, thereby reducing the volume
of traffic that passed through them. Our routing intervention bounded
trip-level costs with respect to the fastest viable path, ensuring that
rerouted vehicles were assigned routes with travel times that were com-
parable tothose of the original path (for instance, diverted routes were
required to be within a few percentage points of the fastest baseline
travel time). In total, under 2% of observed trips directly experienced
altered routing recommendations as a result of the intervention. An
outline of this processis depicted in Fig.1. Amore detailed description
of the algorithmic modifications and set of targeted segments (see
Table 1for selected segments) can be found in the Methods.

Assessing the impact of thisintervention required three key com-
ponents. First, we relied on high-volume aggregated and anonymized
metrics from Google Maps to produce high-quality assessments of
time-varying segment speeds. Second, we used a switchback (also
known as crossover) experimental design that alternated the treat-
ment status of all users in a given geography over time. Switchback
designs are commonly used in medical studies and have recently been
adopted by ride-hailing platforms such as Uber and Lyft"?°. Third, we
analyzed the experimental data using both Bayesian and frequentist
approaches to maximize the statistical power of our findings given
inherent day-to-day variance while ensuring the robustness of our
results. Results from the frequentist approach can be found in the
Supplementary Information.

The results of our experiment were positive and substantial. We
find improvements to driving speeds on both the set of targeted high-
congestion segments and the much larger set of ‘affected’ segments: all
segments that were impacted by the intervention, including those to
whichtrafficwasredirected either away fromor onto. The set of affected
segments covers about 80% of trafficin each city. Changesinindividual
trips are small but add up to statistically significant gains in network
travel times, validated by multiple statistical approaches. To quantify
the environmentalimpact of these networkimprovements, we estimate
potential emission savings attained from observed improvements in
network driving speeds. We find thatimprovements on this style could
save hundreds to thousands of tons of CO, emissions per city per year.

Results

Data collection

For this study, we use two classes of aggregated and anonymized
outcome statistics: (1) segment-level outcomes, aggregated in time

and space across road segments throughout each city; and (2) trip-
level outcomes, aggregated across end-to-end trips. Each outcome
is computed at hourly time intervals and on weekdays between 7:00
and 20:00, inclusive.

Segment-level outcomes. We focus our assessment of segment-level
outcomes on two groups of segments: (1) segments that were directly
targeted by our intervention, X, ..q; and (2) segments that may have
been affected by theintervention, X,....q- The only segmentsincluded
iN Xurgerea are those that were directly used for determining whether
trips would be rerouted or not. The set of ‘affected’ segments Xecteq
includes thebroader set of all segments that wereimpacted by the treat-
ment, including segments on routes that vehicles were diverted from
(whether or not the particular segment was targeted) and segments on
routes thatrerouted trips were diverted to as aresult of the treatment.
Figure1(right) demonstrates the segments from one such trip. Xy geted
consists of the small number of green pins, while X,¢....q cOnsists of all of
the segmentsinblue—fromboth the ‘before’ and the ‘after’intervention
routes. The two routes capture potentially converse effects. Segments
that trips are routed away from may experience a reduction in traffic
flows as aresult of the treatment and, as such, may see improvements
toroad efficiency metrics. Segments that trips are routed onto could
experience increases to traffic flows that may affect them negatively.
Considering both groups of segments together allows us to quantify
the net effect of the intervention.

Foreachsegment i€ (Xyrgered U Xatrecrea) and hour ¢, we use the total
travel time TTT/(¢), total distance traveled TDT(¢) and estimated fuel
consumption rate f(¢) (in liters per 100 km) of trips driving along i
during t. We then estimate the average observed speed in a given city
0(t) = ¥, IDT(0)/ ¥, TTT () as the total distance traveled divided
by the total time spent withina segment set X (either X, geteq OF Xyfrected)
and compute a similar estimate for fuel consumption rates weighted
by total distance traveled &(t) = 3, (f(t) x TDT'(£))/ 3, TDT'(®) .
This yields a dataset comprised of hourly observations of average
segment-level speeds and fuel consumption rates by group for each
city. Under the switchback design, all segments switch between treat-
ment and control status on a daily basis so that hourly outcomes on
adjacent days can be directly compared for targeted and affected
segment groups.

Trip-level outcomes. We augment our segment-level analysis with
two trip-level outcomes: (1) trip travel times and (2) user experience
metrics. While segment-level outcomes characterize the road condi-
tions for an average traversal of the road network, trip-level outcomes
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Table 1| Employed segment selection approach within each
city in this study

City Numberof Congestioncriteria Road class
segments

Atlanta 106 Density at peak Freeway segments
demand

Boston 108 Density at peak Freeway segments
demand

Chicago 81 Presence of Mixture of freeways and
bottlenecks arterials

Los Angeles 120 Density at peak Freeway segments
demand

Miami 100 Density at peak Arterial segments
demand

New York 103 Density at peak Freeway segments
demand

Philadelphia 101 Density at peak Freeway segments
demand

Salt Lake City 94 Density at peak Arterial segments
demand

Presence of
bottlenecks

San Francisco 102 Segments along US-101

Seattle 97 Segments along

Interstate I-5

Density at peak
demand

account for compositional differences between segments that might
betraversedin differentkinds of trips. Our initial analysis focused only
onsegment-level outcomes and used a full 6 months of data. We added
atrip-level analysis to ascertain our results on network effects after the
initial analysis was done. Due to data retention limitations, we were
only able to use the final 2 months of data for this second analysis. We
compute hourly averages for each outcome at the city level, weighting
each trip uniformly.

Targeted segments—Ilarge speed increase and emissions
decrease

We begin by presenting results on the impact of the intervention on
segments directly targeted by the study. Figure 2a,b (top) depicts the
posterior distribution of average speed gains and fuel consumption
savings via a hierarchical Bayesian modeling approach described in
the Methods. We see marked improvements to both driving speeds
and fuel consumptionrates across all cities and times of day. Averaged
across cities, we observe a median increase of around 2% in driving
speeds on targeted segments, corresponding to a median decrease
0f 0.5-1.0% in fuel consumption rates. To maximize insights from this
experiment, different cities were allocated different types of congested
segments for targeting. Some cities had only highway segments, while
others had only congested freeways, arterials or a mix thereof. The
impactoftheintervention was particularly pronouncedin cities where
freeway segments were targeted. This is the case in Atlanta and Los
Angeles, for instance, for which the median speed effect was 3.30%
and 4.56%, respectively.

Allsegments—speed increase and emissions decrease

As expected, removing traffic from targeted segments improves
the performance of those segments. We now explore whether these
improvements are offset by decreased performance on the other seg-
ments, to which we had dispersed traffic. Figure 2a,b (bottom) depicts
the posterior distributions of average speed gains and fuel consump-
tionrate savings, respectively, on all affected segments for each of our
cities. As the figures show, the set of affected segments saw netimprove-
ments to driving speeds and modeled fuel consumption rates, with a
probability 0of 99.8% and 98.6%, respectively, of a positive outcome for
aggregate effects across cities. Averaged across all cities and hours of

the day, driving speedsincreased by around 0.35% on median. Focusing
on peak hours only, the median effect on driving speeds was stronger
ataround 0.50%. Emissions savings across all affected segments were
also generally positive, but relatively more diluted. Aggregating across
alltrips and segments, and extrapolating proportionally to the yearly
level, the median estimated savings are equivalent to around 1,000+
tons of CO,-equivalent (CO,e) emissions per year. Measurements for
each city are provided in Table 2.

Full network impact on total travel times

Due to variationinroutes taken at different times, not all segments may
have data points for every time interval. As such, outcomes derived
from aggregated segment speeds may not capture the same set of
segmentsin eachtimeinterval. Toaddress this, we also consider travel
times for trips passing through any of the affected segments. Aggregat-
ing to the trip level, Fig. 2c depicts the posterior distributions of total
travel time savings for trips that passed through affected segments.
While the effects vary substantially across cities—reflecting differ-
encesintrip compositionineach case—we observe qualitatively simi-
lar outcomes in total trip travel times to those seen in driving speeds
on affected segments. Averaged across cities, we observe a median
aggregate drop in total travel times of 0.69%, and drops in the vicinity
of 0.5%t01.0%in each city. This result serves to reinforce the findings
from previous sections: whether we look at aggregate speed changes
onall affected segments (asinthe previous section) or aggregate travel
times for all observed trips that passed through any of the affected
segments (as in this one), we obtain a qualitatively similar conclusion
regarding the efficacy of our intervention.

Mechanisms—efficient traffic dispersion

Network efficiency may improve when afraction of trips from overuti-
lized segments are shifted to close substitutes that are underutilized. In
this subsection, we show that our intervention generally used favorable
reroutingsin this vein. Figure 3 depicts the average expected changein
traffic flows as aresult of the intervention. As the figure suggests, our
intervention generally moved flows from concentrated central roads
to alarger and more dispersed set of nearby roads. These examples
centeronl-85inAtlanta, but we see similar patterns, forinstance, along
Interstatel-5in Seattle and I-2290 in Chicago. Ineach case, the segments
for which flows decreased the most tended to be concentrated near
targeted segments, and often extended along the primary highways
withinwhich theintervention wasemployed. By contrast, the segments
for which flows increased the most tended to be more geographically
diffuse and received fewer vehicles on average—thereby notimpacting
those segments negatively and resulting in a net positive outcome.

This disparityis largely mechanical. While penalties are assigned at
fixed, high-demand segments, the origins and destinations for vehicles
passing through these segments vary significantly. As such, the optimal
alternate paths for these different trips pass through awider variety of
segments. In the case of Atlanta, as depicted in the top right of Fig. 3,
trips that may once have passed through Interstate I-5 are sometimes
sent east through1-450, and either vial-90 or other connections further
south—or aresent west and spread across various highways and arteri-
alswithin the city, depending on the destination.

To see this type of traffic dispersion more systematically across
segments, Fig. 3 (bottom) plots the histogram of average volume
changes across segments in Atlanta. As the figure shows, traffic is
typically diffused fromasmall number of segments and spread across
many other segments, each of which receives fewer additional vehicles
on average. This supports the thesis of our intervention: it demon-
strates that low-cost penalties applied to highly congested road net-
works help to homogenize traffic throughout the network and limit
the negative effects experienced on segmentsreceiving higher traffic
flows. Similar histograms for all of the cities in our study are provided
inSupplementary Fig. 7.
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are understandably more diffuse but still positive, particularly during peaks
hours. Numerical values associated with these distributions may be found in
Supplementary Tables1and 2. ¢, Effects are also present within total travel times.

Table 2 | Predicted yearly CO,e emissions savings for each city in the study, in tons per year

Atlanta Boston Chicago Los Angeles Miami
Savings (5%) -7537.42 -4,979.90 -9,547.86 -13,956.27 -4,124.46
Savings (50%) -1,991.30 -1,499.16 -4,296.54 -4,511.44 -1,816.99
Savings (95%) +4,715.98 +1,410.97 +656.42 +2,369.32 +484.90
New York Philadelphia Salt Lake City San Francisco Seattle
Savings (5%) -8,687.07 -4,453.31 -1,577.04 -5,247.74 -3,458.31
Savings (50%) -2,514.42 -1,369.08 -657.72 -2,285.15 -503.77
Savings (95%) +3,820.47 +1,521.76 +414.81 +992.30 +3,921.23

Emissions by routed trips here are extrapolated from data collected on affected segments for weekdays between the hours of 7:00 to 20:00. Total emissions are then estimated by assuming a
fixed penetration rate. Finally, savings are estimated by multiplying these terms by predicted savings from the Bayesian model for different percentiles (Fig. 2b).

Discussion

Our approach to network-aware routing presents promising results
for improving network efficiency in ten major US cities. The results
from our experiment document sizable improvementsto travel time,
segment speeds and fuel consumption rates from targeting specific
segments to divert traffic away from especially congested areas. This
demonstrates that even marginal interventions could yield significant
benefits to aggregate traffic conditions.

The Dynamic Traffic Assignment literature is extensively studied”
and has been the subject of rich and ongoing work'®. Dynamic Traffic
Assignment framework implementations dynamically adjust flows
at each time step to incorporate updated travel time information on
corresponding paths. Our approach differs from those implementa-
tions as we updated the segment cost based on historical congestion
patterns. However, this work contributes to the existing literature by

providing empirical evidence that incorporating marginal cost can
positively affect overall traffic conditions.

Our primary statistical analysis uses a hierarchical Bayesian model.
Our‘Additional results’ section within the Supplementary Information
shows similar results based on astandard mixed linear model. We also
reportarange of additional measures such as effects on trip flows and
trip guidance compliance. In each case, we find evidence supporting
our main results.

The impact analysis in this study is based on aggregated and
anonymized trip and traffic statistics from Google mobility data. Incor-
poratingadditional traffic measurement sourcesinthe future would offer
amore comprehensive perspective. Our study leaves several open ques-
tions. First, our findings show that arelatively simple penalty and rerout-
ing algorithm can provide substantive network-wide benefits, but they
donot provide an estimate of the additional improvements that may be
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of volumes on segments under the Alternate (rerouted) paths relative to the
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outside the center. The histogram shows that this effect dispersed vehicles from
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©2026 Google Maps; map data ©2026 Google.

possible under optimal dynamically computed rerouting penalties. While
thisapproachyielded positive results, future research should explore fully
optimalstrategies that dynamically account for complexfeedbackloops,
potentially yielding even greater network efficiencies. Second, while our
analysis shows aninstantaneous improvement in network efficiency, an
induced demand response over alonger time horizon and/or expanded
treatment region could mitigate the travel time improvements of our
intervention. Aninduced demand response would entail that additional
drivers who had previously been deterred from using the targeted road
segments by high travel times would switchto these segments uponlearn-
ingthat thetraveltimes havelowered. While thisisanimportantareafor
future work, our intervention behaves quite differently from the highly
visible supply changes that are typically studied in the literature around
induced demand for road networks®. The network-wide benefits of our
intervention are substantial in aggregate, but individuals are unlikely
to perceive the difference, as the average savings are about 0.25% of an
average affected trip length and 1/40th of the standard deviation of day-
to-day trip time variability. Nonetheless, understanding the equilibrium
response toabroader network-aware routing approachrequires further
study and remains open for future work.

Our study demonstrates that it is possible to improve network-
wide performance by astatistically discernible level while maintaining
strict safeguards against significant impact to rerouted users. In this
way, it also provides evidence for the efficacy of rigorous experiment-
based traffic management. As smart cities technology advances, the
experimental pathway demonstrated here—leveraging connectivity
to actuate and measure system-level changes—can extend beyond
routing. This work establishes a foundation for future researchers to
empirically validating broader network optimization strategies, such

as dynamic signal control and real-time feedback integration, within
complex urban environments.

Methods

Experimental setup

In this section, we provide a detailed description of the experimen-
tal setup of the intervention and the statistical approaches used for
impactanalysis.

Processes encompassing typical routing apps. Routing applications
have become the primary method through which individuals plan
trips. These systems, in practice, follow similar general processes from
initial request to path assignment. We present a simplified yet generic
workflow of how these applications work to provide context on where
our intervention is positioned. The process diagram of this workflow
is depicted in Fig. 1 (left). These workflows begin with a user request-
ing a trip between a given origin and destination. Once requested,
the underlying routing service then runs the following steps:

(1) Route generation: First, the routing service identifies a set of
feasible routes  in the network between a trip’s origin and
destination. This step typically aims to find the shortest paths
under the current traffic conditions while covering a variety of
different paths, thereby ensuring a certain degree of diversity
when selecting routes further downstream.

(2) Route annotation: Next, the service annotates each route with
information needed to make personalized recommendations. Ex-
amples of annotations include the predicted travel time for a given
route, the amount of fuel you expect to use while traversing it,
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and other special requirements, such as whether the route
passes through a toll, highway or ferry, and the difficulty of
maneuvers through the turns on this route.

(3) Costing and ranking: Once annotations are provided for each
route, a cost is assigned to each route that takes into account
both the travel time as well as any customizations. Mathemati-
cally put, let f(»,)and c(#;) be the estimated travel time and
auxiliary costs assigned to path ; € ». The auxiliary cost
captures characteristics of the route other than travel time and
is generally a function of user preference. For instance, in the
case of toll-free routing®, an additional fixed travel time cost
may be assigned to paths through tolls. Then the cost C;
assigned to route »; is

G =fP) +c(Pp. (1

Theroutingservice thenranks eachroute in cost-increasing order and
assigns the route with the least cost as the reference.

Finally, once the above processes are complete, the routing recom-
mends the optimal route to the user, highlighting the reference route
while providing alternatives for the user’s discretion.

Externality cost assignment for targeted segments. In this article,
we explore methods forinducing network-aware routing through the
costing and ranking phase of the routing service, as outlined in the
previous section. To do so, we identify segments with historically high
levels of congestion, then attempt to divert subsets of vehicles away
from these segments by assigning additional costs to trips passing
through them. Returning to the notation introduced in the previous
section, considerapath »; € ?within theset of viable paths > assigned
duringtheroute generation phase, and let X, q...q be the set of segments
targeted by the intervention. For each segment x € ; contained
within the set Xy, qeceq, We assign a fixed externality cost AT if the speed
of the segment at time ¢ is below what is considered a threshold for
CONEestion, Uengested(X). The congested speed hereis assigned as afixed
fraction of the free-flow speed of the segment. Conditioning this cost
oncongested speeds ensures the treatment isinactive during free-flow
conditions, during which theintroduction of additional vehicles should
play nodetrimental role to travel times. Inits unadulterated form, this
resultsinanew cost C; to the path »; of the form

C=flP)+c(P)+ D,  CexlD), ()]

XEXtargeted NP

where

AT U(X, t) < Ucangested(x)’
Cext(x, t) = . (3)
0 otherwise

and v(x, t) is the average speed of vehicles passing through segment x
attimet. The added externality cost subsequently adjusts the rankings
of trips for which these additions exceed a certain threshold, thereby
reducing the flow of traffic on targeted segments. For costs based
purely on travel time (that is, c(?;) = 0V2; € P), this is equivalent to
upranking routes that are less than a multiple of ATlonger in terms of
predicted travel time, but with equivalently fewer segments withinthe
targeted set. For multi-objective cost structures, however, asis the case
here, this comparison becomes somewhat more complex.

Theabove cost C, if left unfiltered, may resultininstances whereby
assigned alternate routes are unreasonably long, particularly when the
only desirable paths assigned to a given trip pass through multiple
targeted segments. Thisis acommon theme within the field of system
optimal routing, whereby some users may experience substantially
higher travel times in asystem optimum assignment if the assignment
is left unconstrained”>?. To avoid rerouting trips in these instances,

we apply a capping term ¢, (?), which limits the magnitude of the
added cost. This capping term aims to capture indifference to marginal
properties of a given path ; in relation to the full set », taking into
account for instance how much slower a given path is compared with
the fastest pathin the set. The final augmented cost C; is

C, = fi#)) + c(;) + min ( D

Cext(x’ t)’ Cmax(?)> . (4)
XEXtargeted NP;

For this study, we use a capping term of that caps the travel time cost for
the assigned trip within a few percentage points of the best alternate
whentheauxiliary penalty is not assigned. In practice, we find that, for
rerouted trips, this corresponds on average to a 30-s slower alternative
interms of projected travel times.

Segment selection. For each city in this study, we select approximately
100 road segments to be directly impacted by the intervention. Seg-
ments here are selected primarily inaccordance with measurable and
readily visible metrics of excess congestion or disproportionate levels
of demand. Two metrics were used to locate these segments:

(1) Density at peak demand: In this first metric, we identify seg-
ments in each city with the highest vehicle densities at peak
demand intervals. We calculate this by considering the top nth
percentile density from the aggregated density list for each
segment, where n is set to 75% for this study. This metric allows
us to focus on areas with the most significant congestion during
peak times. Note that densities here are approximated from ob-
servations within our data collection pipeline and, as such, are
subject to estimation errors and may underestimate the densi-
ties of segments through paths that are less likely to require
routing-based guidance. Future studies could improve upon
this by utilizing more robust measurement tools, for example,
by relying on loop detectors or traffic monitoring cameras.

(2) Presence of bottlenecks: In this second metric, we identify seg-
ments that act as bottlenecks, or local restrictions to traffic flow
or capacity. Bottleneck segments are identified through com-
mon methods within the literature, in particular by comparing
the speeds of segments to those directly downstream of them?.
Segments are then either randomly selected from the list of
bottleneck segments (as is the case in Chicago) or selected to
coincide with a specific highway (as is the case in San Francisco).

In addition to levels of demand or congestion, segments were
selected across different cities inaccordance with their road class, that
is, whether asegmentis afreeway, arterial or part of a specific highway.
Different cities were assigned different road classes to quantify the
importance of penalizing freeways versus arterials, and so on. Table 1
depicts the segment selection approach, road class and number of
segments selected for each city.

Statistical analysis tools

Inthis section, we describe the statistical analysis tools used to analyze
thedataand providerobustness checksto the findings. We also describe
the datafiltering process employed, particularly outlier removal.

Hierarchical Bayesian outcome modeling framework. To accom-
modate the nonrandom treatment assignment in our experiment,
we opt to conduct our main analyses using a hierarchical Bayesian
outcome modeling framework®*. Partial pooling models provide us
with aflexible way to allow effects to be similar at the city level and the
hourly level without imposing hard constraints on how the effects can
berelated. We allow information to be shared between citiesand time
periods, so that our estimates on the effect on one particular city or
time can be strengthened by concurrent effects found for other sub-
groups. Another advantage of aBayesian approachisthat it facilitates
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transparent probabilistic statements about effect sizes, which can
be used to express the level of confidence regarding each result to
policymakers. Finally, the Bayesian approach allows us to mitigate
multiple hypothesis testing issues due to the numerous hypothesis
tests regarding treatment effects by hour, by day and by city.

We construct a hierarchical model that defines priors on city-level
hour-of-day baselines at the ‘top’ level of the hierarchy for control
period outcomes. Inaddition, for the treatment effect, we constructa
hierarchy starting with aglobal effect on the uppermost level that has
aGaussian prior with a zero mean. Weimpose a prior that lets freeway-
targeted cities have a different global effect from other cities; hence,
the global effect baseline is two-dimensional. For the average effects at
the city level and average effects for each hour of day, weimpose priors
thatare Gaussian with means coming from the global effect on the high-
estlevel, either from the freeway or non-freeway city global baseline,
depending on the status of each city. We also allow the hourly effects
to be correlated and define a diffuse prior on the correlation matrix
between them. The full hierarchy is shown in Supplementary Fig. 10
(right). When reporting effect estimates on speeds or emissions, we
report posterior probability distributions of 7,, averaged over different
hoursbased on thetime period of interest (for example, morning peak
hours or evening peak hours).

For the experimental analysis of travel times, we use observations
overashorter time period. Given the shorter horizon, estimating hourly
treatment effects and baselines becomes more challenging. Therefore,
we opt to use a ‘day of week’-based hierarchy, aggregating observa-
tionson adaily basis. The model structureis shownin Supplementary
Fig.10 (left). When reporting effect estimates on travel times, we report
posterior probability distributions of 7;for each city.

Outlier detection and removal. A particular challenge that arises when
evaluating the efficacy of the intervention is that of days when road
usageis particularly low. Inthese relatively infrequent cases, measures
of network health—for example, observed speeds and emissions—can
improve temporarily and sharply due to factors outside the control of
the intervention. If observed disproportionately in either treatment
or controlintervals, this could resultin askewed interpretation of the
efficiency of the intervention. To address this challenge, we conduct
asimple outlier detection procedure, searching for time intervals in
which traffic density falls significantly outside of the scope of values
typically observed for that hour, weekday and city combination, and
dropping days from the dataset in which the majority of hours are
viewed as outliers. This processis conducted for all results reportedin
thisarticle. Through this process, we find that outliers emerge primar-
ily on US holidays (for example, July 4th and Presidents’ Day) and on
dayswhenweather conditions are sufficiently poor astorestrict travel.

Energy modeling

We evaluate the environmental impact of this experiment by measuring
fuel consumption rates and CO,e emissions of segments impacted by
theintervention. Because direct measurements of fuel consumption or
CO,e emissions are impractical, we use scalable methods for estimating
fuel consumptionrates. CO,e emissions then naturally arise from these
estimates, as carbon emissions are typically modeled as proportional
to the fuel consumption in transportation settings®.

Fuel consumption modeling has been widely studied in the litera-
ture®®. Models of this form roughly fall into two categories: principled
models®, which aim to model the physics underlying energy usage
and empirical models®~*, which fit often nonparametric models to
ground-truth fuel consumption data. For this study, we collaborate
with the National Renewable Energy Laboratory, integrating models
that fall broadly into both categories. These models at their core rely
onFASTSim***, a physics-based simulator (hence, a principled model)
that calculates the power required to meet a given drive cycle speeds
provided other inputs such as road grade and vehicle specifications

suchasdrag, transmission and rolling resistance. Its methodology and
data are validated from dynamometer testing data via collaboration
withotherlaboratories (for example, Argonne National Laboratory), so
thisis a high-fidelity model with many parametersto calibrate toward
specific vehicle models. However, FASTSim requires significant com-
putation power and high-frequency GPS location data, which makes
itchallengingtorunfor all segments or trips. To address thisissue, we
use an empirical machine learning model on top of FASTSim, similar
to the National Renewable Energy Laboratory’s RouteE model*. This
family of models significantly reduces the computational burden
and works well with segment-level speeds, eliminating the need for
high-fidelity GPS location data. The ML-based model take as features
the properties from segments and estimates the fuel consumption for
each segment. Features commonly used by these models include the
segment-level speeds, road grade and length. Supplementary Fig. 11
provides a depiction of the employed model for one class of roads.
Notably, the convex shape of the model isacommonly known feature
by energy modeling practitioners, and denotes that vehicles operating
atintermediate driving speeds generally experience the highestlevels
of fuel efficiency.

Ethical compliance

Thestudy protocol and data use were reviewed by the Stanford Univer-
sity Institutional Review Board (IRB). Based on the analysis involving
exclusively non-identifiable data, the IRB determined that this work
does not meet the definition of research involving human subjects as
definedin 45 CFR46.102 or 21 CFR 50.3, and therefore did not require
formal IRB review.

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

Data availability

The datasupporting the findings of this study are not publicly available,
as they constitute confidential business information. Source data for
Fig.2 are provided with this paper.

Code availability
Source code for the statistical analysis tools used is available via GitHub
athttps://github.com/google-research/google-research/tree/master/
congestion_dispersion.
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Policy information about availability of computer code

Data collection Aggregated and anonymized metrics from Google Maps Platform

Data analysis Custom code was developed in python and is available here: https://github.com/google-research/google-research/tree/master/
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Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Study utilized aggregated and anonymized metrics from Google Maps. Information regarding sex and gender was not
collected, used or analyzed.

Reporting on race, ethnicity, or  Study utilized aggregated and anonymized metrics from Google Maps. Information regarding race, ethnicity, or other socially

other socially relevant relevant groupings was not collected, used, or analyzed
groupings
Population characteristics No specific demographic information was available or used due to the anonymized nature of the dataset.
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Ethics oversight The study protocol and data use were reviewed by the Stanford University Institutional Review Board (IRB) (Protocol
Number: 82535). The IRB determined that the project does not meet the definition of human subjects research as defined in
federal regulations 45 CFR 46.102 or 21 CFR 50.3, as it involved exclusively non-identifiable data.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design
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Study description This is a large-scale empirical study using a switchback experimental design to evaluate the impact of routing-app interventions on
urban traffic congestion and CO2 emissions

Research sample The sample consists of aggregated, and anonymized metrics from Google Maps trips across 10 major U.S. cities. The sample is
representative of navigation-app trips requesting routes within these urban geographies.

Sampling strategy Road segments (~100 per city) were selected based on high vehicle density at peak demand or the presence of bottlenecks. A
marginal routing intervention was applied, affecting under 2% of observed trips to ensure network-wide efficiency without significant
impact on individual user travel times.

Data collection Aggregated and anonymized metrics from Google Maps navigation platform

Timing Segment-level analysis was conducted over a six-month period, while trip-level analysis used the final two months of the study due to
data retention limits. Data were computed at hourly intervals on weekdays between 7:00 AM and 8:00 PM.

Data exclusions Outliers were removed for time intervals where traffic density fell significantly outside typical values, specifically on U.S. holidays
(e.g., July 4th) and days with extreme weather conditions that restricted travel. Supplementary information contains analysis without
outlier removal which shows effects are directionally similar but stronger in some instances, possibly as a result of a disproportionate
number of high traffic volume events during switchback off intervals.

Non-participation Not applicable. The study utilized exclusively non-identifiable, aggregated mobility data; the Stanford University IRB determined the
project did not meet the definition of research involving human subjects.

Randomization A switchback experimental design was employed, where the treatment status (routing intervention) for entire geographies was
alternated on a daily basis to allow for direct comparison with control intervals.
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manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.
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export.
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Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

D Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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performed, justify reasons for lack of sex-based analysis.

Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Plants

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.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-authentication-procedures for-each-seed stock-used-or-novel-genotype generated.-Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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ChlP-seq

Data deposition
|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.

Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
y g Y

(e.g. UCSC)

enable peer review. Write "no longer applicable" for "Final submission" documents.

Methodology
Replicates Describe the experimental replicates, specifying number, type and replicate agreement.
Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.
Antibodies Describe the antibodies used for the ChiIP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and

lot number.

Peak calling parameters | Specify the command line program and parameters used for read mapping and peak calling, including the ChiP, control and index files

used.
Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.
Software Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a community

repository, provide accession details.

Flow Cytometry

Plots
Confirm that:
|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|:| All plots are contour plots with outliers or pseudocolor plots.

D A numerical value for number of cells or percentage (with statistics) is provided.

Methodology
Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Instrument Identify the instrument used for data collection, specifying make and model number.
Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a

community repository, provide accession details.




Cell population abundance

Gating strategy

Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

D Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type

Design specifications

Indicate task or resting state; event-related or block design.

Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used

Acquisition
Imaging type(s)

Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI [ ] Used

Preprocessing

Preprocessing software
Normalization
Normalization template
Noise and artifact removal

Volume censoring

to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across
subjects).

Specify: functional, structural, diffusion, perfusion.
Specify in Tesla

Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

D Not used

Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MINI305, ICBM152) OR indicate that the data were not normalized.

Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).

Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings

Effect(s) tested

Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.qg. fixed, random or mixed effects; drift or auto-correlation).

Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | whole brain || ROI-based [ ] Both

Statistic type for inference

(See Eklund et al. 2016)

Correction

Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
|X| |:| Functional and/or effective connectivity

|X| |:| Graph analysis

|:| Multivariate modeling or predictive analysis

Multivariate modeling and predictive analysis  The study employs a Hierarchical Bayesian outcome modeling framework to estimate the impact of routing
interventions across different cities and hours.
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