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Abstract

Congestion pricing policies are widely debated and critics often argue that toll costs outweigh
congestion relief. We show theoretically that welfare gains depend on two forces: the extent of
driver heterogeneity—both in preferences and in exposure to highly demanded roads and times of
day—and the extent of revenue recycling. We quantify the impact of both forces using data from
a large-scale experiment that tracked driving behavior with and without usage-based congestion
pricing incentives for nearly 10,000 drivers over two years. Using a model of time-varying traffic
equilibrium with heterogeneous drivers and a granular road network, we show that a congestion
pricing policy using the experiment’s price schedule would raise welfare by 94% of the value of
adding a new lane to every highway and would raise enough revenue to fully compensate losers.
Moreover, the extent of driver heterogeneity entails that optimal prices can improve net welfare
with only a small fraction of toll revenue.

*First version: July 23, 2026. Authors are listed alphabetically. This paper subsumes a previous manuscript titled,
“Can Usage-Based Pricing Reduce Congestion?” by Ater, Ross, Shany, Turkel, and Vasserman. Eray Turkel contributed
heavily to earlier stages of the project and we are very grateful for his many contributions. We thank Noa Bar-Nir,
Fabian Barrett, Hadar Fuks, Shai Gilat, Mukun Liu, Andrew Meyers, Daniil Mikhailov, Yotam Nir, Freek van Sambeek,
Guy Yakobovich, Doron Zamir, and Michelle Zheng for their exemplary research assistance. We are also grateful to our
colleagues and numerous seminar and conference participants, and especially to our discussants Juan Camilo Castillo and
Gabriel Kreindler for their helpful comments. We are grateful for financial support from the Israeli Science Foundation
(541/22), The Israeli Smart Research Transportation Center, The Ministry of Science and Technology, and the Falk
Institute for Economic Research. Computational Support was provided by the Data, Analytics, and Research Computing
(DARC) group at the Stanford Graduate School of Business (RRID:SCR_022938).

fTel Aviv University, Coller School of Management and CEPR. Email: ater@post.tau.ac.il.

#The Wharton School, University of Pennsylvania. Email: brossl@wharton.upenn.edu

$Tel Aviv University, Coller School of Management. Email: adishany@tauex.tau.ac.il.

IStanford Graduate School of Business and NBER. Email: svass@stanford.edu.


https://scicrunch.org/resources/data/record/nlx_144509-1/SCR_022938/resolver?q=SCR_022938&l=SCR_022938&i=rrid:scr_022938
mailto:ater@post.tau.ac.il
mailto:bross1@wharton.upenn.edu
mailto:adishany@tauex.tau.ac.il
mailto:svass@stanford.edu

1 Introduction

Traffic congestion is a notorious source of inefficiency, frustration and environmental damage. On
a social level, traffic delays are associated with billions of dollars of waste (Chandler-Wilde, 2023)
and substantial greenhouse gas emissions (Barth and Boriboonsomsin, 2008). On an individual level,
traffic congestion is associated with serious physical health problems (Currie and Walker, 2011), and
time spent in congestion is reported to be among the worst moments of the day (Kahneman et al.,
2006). Given these costs, policymakers have sought effective means to reduce congestion, increasingly
through policies that charge fees for driving in highly demanded areas. Zone-based entry fees (“Cordon
pricing”) have been in place in London since 2003, Stockholm since 2006, Milan since 2008, and New
York City since 2025.

However, despite the prominence of these examples, congestion pricing policies are often met
with heavy resistance. The recent New York City policy came after decades of deliberation and was
initially canceled weeks before it was meant to begin in June 2024, only to be abruptly reinstated
in November. Although the details underlying the opposition to congestion pricing vary by setting,
challenges typically center on the same core argument: a concern that the benefits of diverting some
drivers off of congested roads would be outweighed by the monetary costs incurred by drivers who are
not diverted and the non-pecuniary costs incurred by drivers who switch to disfavored alternatives.

In this paper, we propose a quantitative framework for assessing this criticism directly. Using
a simple illustrative model, we show that the critics have a point: if drivers are homogeneous and
congestion fees are not recycled back to consumers, then any congestion price would be socially wasteful
even if congestion levels without pricing are inefficiently high. However, both conditions need to be
true for this result to hold. If drivers are heterogeneous—either through preferences, the geography
of their trips, or both—then congestion pricing can improve net welfare by incentivizing efficient
sorting: diverting drivers with low relative value for using highly demanded roads to benefit drivers
with high value. If the distribution of values is sufficiently skewed and congested roads operate at a
steep bottleneck, then this sorting gain can be sufficiently high so as to outweigh the congestion fees
themselves even if the toll revenues are burned upon collection. If, on the other hand, congestion fees
are refunded to some degree (either through direct rebates or through valuable public goods) then the
speed gains from diverting a fraction of drivers from congested roads can be welfare improving even
if all drivers are exactly the same. In reality, both forces likely matter to some degree: drivers are
heterogeneous and congestion fees are typically slated for public goods like transit improvements. The
question of whether a particular congestion pricing policy is worthwhile is therefore empirical: to what
degree can the policy induce efficient sorting, and to what degree do drivers (and other individuals)
internalize the benefits of the collected fees?

To demonstrate our framework, we use original data from a usage-based congestion pricing exper-
iment that tracked the driving behavior of nearly 10,000 drivers in Israel over the span of two years.
Each driver in the experiment installed a monitoring device in their vehicle that recorded GPS coordi-
nates over the course of their trips. During the first six months of participation, participants’ driving
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the initial six-month period, drivers began to incur a time-and-location-specific fee for each kilometer
driven out of a virtual budget, the remainder of which was paid out in cash.

Our paper is composed of two parts: an analysis of the experiment and an empirical modeling
exercise. In the first part of the paper, we consider the direct effects of congestion pricing on drivers
in the experiment: to what extent did individuals reduce their driving in congested times and places
upon treatment, and how? To answer these questions, we apply an event study approach in the spirit
of Borusyak et al. (2021) to estimate dynamic average treatment effects across a number of driving
behaviors in the four months after individuals begin to pay for their driving. Identification for the
treatment effects relies on the staggered recruitment of individuals: an average of about 150 individuals
were recruited per week over the course of 50 weeks. As such, on a typical week in which a driver
switched from “monitoring” to “treated” status, there was a segment of other drivers who were still
in “monitoring” and could serve as a control group to separate idiosyncrasies in driving behavior and
time-varying aggregate driving conditions from the effects of the congestion pricing treatment.

Our treatment effect analysis suggests that drivers persistently decrease their driving in congested
areas and times. Aggregating across time, we find that drivers decrease a variety of measures of con-
gested driving by an average of over 10% of their pre-treatment median, both on the extensive (e.g.
number of trips) and the intensive (e.g. departure time) margins. We find substantial heterogeneity
across the characteristics of drivers who responded most and least to the experimental pricing treat-
ment on both margins. Using the Sorted Effects method (Chernozhukov et al., 2018), we find that the
most responsive drivers in our sample exhibited more flexibility in their arrival and departure times
and took more expensive trips during their “monitoring” period. Treatment effects also correlate
with the availability of alternatives to driving. Considering an index of the convenience of the best
public transit alternative to each trip taken by car during each driver’s “monitoring” period, we find
that drivers with the biggest treatment effects on the extensive margin (e.g., taking trips altogether)
tended to have better access to relevant public transit options. However, public transit access did not
correlate strongly with treatment effects on the intensive margin.

In the second part of the paper, we propose a model of supply and demand for traffic throughout
the Israeli road network. Under our model, drivers who need to take different trips throughout the
road network weigh the convenience, travel time and cost of departing for their trips at different times,
or not at all. Depending on which roads their route traverses and what time they depart, each driver
intersects with a different number of other drivers taking their own trips. When many drivers load
onto the same road segment at the same time, their expected travel time increases according to the
“congestion function” of the road segment. In equilibrium, each driver’s choice probabilities reflect
the expected costs and travel times when all drivers jointly optimize their choices.

A key feature of our model is its focus on heterogeneity in demand for different parts of the road
network. Potential drivers are defined at the trip level with an origin, destination, and departure time
window and are endowed with mixed-logit preferences over transit convenience, travel time and money.
Routes between different origins and destinations can overlap in many different ways over space and
time, and the amount of overlap depends endogenously on equilibrium choices. The congestion effects
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of exits/entrances etc.) on which they take place. If a pricing policy relieves a bottleneck in one part
of the road network, its effects can propagate throughout the rest of the network in non-monotonic
ways: some roads might get faster as the trips traversing them reach their destinations sooner, while
others might get slower as the formerly bottlenecked drivers make their way through their routes. To
capture these complex interactions in a computationally tractable way, we model drivers’ positions
along their routes using continuous-time Markov chains. This Markov chain representation allows us
to efficiently compute the expected number of drivers on each road segment at each point in time over
the course of a day given a vector of choice probabilities for each driver. In equilibrium, the expected
number of drivers traversing each segment at each time is consistent with choice probabilities that
anticipate expected trip durations and prices based on the same traversals.

To take our model to the data, we estimate a mixed logit demand system for drivers in our
experiment. Using the subset of trips that drivers take at a regular cadence within a rolling 8-week
window, we construct a panel of trip opportunities for each driver. For each potential departure time
in a trip opportunity, we compute the expected price and duration that the driver would have incurred
if they had taken the trip then, given concurrent speeds throughout the road network at that time.
We then estimate the preference parameters that best rationalize the shares of departures in each 15
minute interval on each calendar week for each origin-destination pair.

The panel nature of our data has several key features that facilitate identifying driving preferences
for a heterogeneous population. First, because we observe individuals making repeated decisions, we
are able to attribute substitution patterns to specific combinations of demographics and road-network
exposure. Second, because our experiment mechanically shifts prices, each driver in our panel faces
exogenous variation in prices that can be used to trace out price sensitivity. Third, to separately
identify disutility for travel time from scheduling preferences, we leverage variation in exposure to
supply shocks: unusually heavy rainstorms across the country (The Times of Israel, 2020, 2021).

Our demand estimates show substantial heterogeneity in the value of travel time (VOTT): the
median VOTT is close to the median hourly wage in Israel, but the 75th percentile is nearly 50%
higher. This heterogeneity is correlated with demographics: lower income drivers have a higher disu-
tility from price and a lower sensitivity to travel time. Preferences also vary with the availability of
convenient public transportation: drivers with a shorter public transit alternative are less likely to
drive—especially if they are lower income or live in denser areas. In order to accurately capture the
interaction between preferences and the road network, we also estimate a supply system for traffic
flow. Using high frequency data from sensors along a major highway, we estimate the “fundamental
diagram” relationship between traffic speeds and flows on highway segments throughout Israel. We
then calibrate population weights to map each trip in our sample to a representative load on the road
network using representative origin-destination trip counts from GPS data.

Combining supply and demand, we solve for counterfactual traffic equilibria in Israel’s largest
commuting zone (the Central District around Tel Aviv) subject to different transportation network
interventions. We begin with a baseline in which traffic is driven by our supply and demand parameters
but no congestion prices apply. We then consider an alternative in which all drivers are subject to
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average driving probabilities by about 15% (roughly 5 percentage points)—in the same range as the
drop in traffic reported in the immediate aftermath of congestion pricing in London (Leape, 2006) and
New York City (Badger et al., 2026). Diverting these drivers reduces travel times for the trips that
are still taken, and with full revenue recycling the resulting gains would increase average welfare.

To put the magnitude of these welfare gains in perspective, we benchmark congestion pricing
against two of the most commonly proposed alternatives for relieving congestion: physically expanding
road capacity and improving public transit. We find that congestion pricing using the experiment’s
price schedule would deliver a net welfare gain equal to 94% of the gain from adding a lane to every
highway in the Central District, before accounting for construction costs. Expanding transit through
the Tel Aviv metro system, which is planned to to open in 2037, would deliver substantially less on
net: only 8% of trips would have a faster transit alternative and equilibrium driving probabilities
adjusted by less than 1%. The transit exercise is conservative in its assessment of the impact of public
transit: it doesn’t account for changes in bus schedules, residential choices or trip demand that might
result from the new subway network. Still, the difference in magnitudes is informative of the relative
gains from congestion pricing, which require substantially smaller investments in infrastructure.

To assess the full scope for welfare gains, we compute the welfare-maximizing prices for each
pricing bin used in the experiment. We find that the optimal usage based price schedule would charge
substantially more for travel in the central metropolis (metro) zone during off-peak hours and for the
zones outside the metro during peak hours than the experiment’s price schedule. These prices would
increase welfare by 2 NIS per trip-day—a 17% improvement over adding a lane to every highway.
A cordon-based price schedule with the same bins would deliver a substantially smaller gain: only
0.48 NIS per trip-day. This reflects the lower ability of cordon pricing—which charges for crossing a
zone boundary, as in London and New York City—to efficiently target heavy users of congested roads
without harming drivers who just pass through briefly.

Finally, our counterfactuals make clear that both forces highlighted by our framework—heterogeneity
and revenue recycling—are quantitatively important. Across every pricing scheme, the average driver’s
raw consumer surplus (before rebates) falls, and the gains accrue disproportionately to drivers with
the highest value of time. The revenues collected are critical to producing a net welfare gain, and,
if distributed appropriately, can generate a Pareto improvement. However, revenues are not strictly
necessary: even with no revenue recycling at all, an optimally targeted usage-based pricing schedule
can modestly improve net welfare. As our theory suggests, this last result depends entirely on hetero-
geneity. When we shut down heterogeneity in preferences or in exposure to the road network, positive
prices can no longer improve welfare on their own—at least 44% of revenues would need to be recycled
under homogeneous preferences, and at least 20% under a homogeneous road network.

Together, our results suggest that the levels of congestion, values of time and heterogeneity across
drivers in Israel are so high that even simple congestion prices can generate substantial welfare gains.
To get the most out of pricing, the price schedule should be designed not only to price the most
congested roads and times, but also to target drivers whose trips contribute most to congestion on net
and who have the most flexibility to respond. Our framework can evaluate any such pricing scheme

or other network intervention, and can be applied to any setting where comparable data is available.



1.1 Related Work

Our paper builds on foundational theoretical work showing how congestion prices make drivers inter-
nalize congestion externalities (Pigou, 1920; Knight, 1924; Walters, 1961; Henderson, 1974; Vickrey,
1969; Small, 1982; Arnott et al., 1993; Fosgerau and de Palma, 2013; van den Berg and Verhoef, 2011;
Hall, 2018). Empirical evidence on the effectiveness of congestion management schemes like road pric-
ing comes from experiments (Martin and Thornton, 2017; Kreindler, 2024; Hintermann et al., 2026;
Hahn et al., 2023), ex-post evaluations of congestion charges (Phang and Toh, 2004; Leape, 2006; Cook
et al., 2025; Ostrovsky and Yang, 2025; Herzog, 2024; Cook and Li, 2025), evaluations of nonprice
driving restrictions (Davis, 2008; Hanna et al., 2017), and other meticulous data collection efforts
(Akbar and Duranton, 2017; Couture et al., 2018; Akbar et al., 2023a,b; Yang et al., 2020).

The papers related to congestion pricing most closely related to ours differ in the margins they
emphasize. Several study how preference heterogeneity shapes responses to congestion pricing and its
distributional effects (Arnott et al., 1994; van den Berg and Verhoef, 2011; Hall, 2021; Durrmeyer and
Martinez, 2022; Barwick et al., 2024; Almagro et al., 2024; Cook and Li, 2025).! Others represent traffic
flows at a fine temporal resolution (Hall, 2021; Kreindler, 2024; Cook and Li, 2025; Tarduno, 2024),
allow for substitution to other transit modes (McFadden, 1974; Parry and Small, 2009; Durrmeyer
and Martinez, 2022; Barwick et al., 2024; Almagro et al., 2024; Hierons, 2025), or model the road
network in enough spatial detail to study network spillovers (Almagro et al., 2024) and differentiated
prices (Hierons, 2025). Several papers also emphasize the uses of toll revenues: Durrmeyer and
Martinez (2022) study whether revenues can compensate those who lose from pricing, while Parry
and Small (2009); Almagro et al. (2024) allow revenues to fund increased public transit frequency.
Our model allows us to characterize the relative importance of these different margins, combining
rich, heterogeneous preferences for vehicle trips with a model of traffic equilibrium that is granular in
both space and time to compare various congestion pricing schemes with varying amounts of revenue
recycling with alternative road and transit investments.?

Some models in the literature study how congestion policies change agglomeration, residential
sorting, and the locations of households and firms (Brinkman, 2016; Herzog, 2024; Barwick et al., 2024;
Hierons, 2025; Bordeu, 2025; Allen and Arkolakis, 2022). Our counterfactuals instead hold residential
and workplace locations fixed and focus on the shorter-run equilibrium of trip participation, departure
time, traffic, and travel time, matching the horizon of our experiment.

Finally, our comparison of road pricing with road and transit infrastructure investments relates
to a broader literature on evaluating the impacts of transportation infrastructure improvements using
historical or reduced-form variation (Fogel, 1964; Duranton and Turner, 2011; Billings, 2011; Donald-
son, 2018; Anderson, 2014) and quantitative spatial models (Fajgelbaum and Schaal, 2020; Tsivanidis,
2026; Allen and Arkolakis, 2022; Bordeu, 2025; Severen, 2023); see Donaldson (2025); Allen et al.

(2025); Severen (2026) for recent overviews. While we cannot speak to the general equilibrium impli-

!See e.g. Small et al. (2005); Goldszmidt et al. (2020); Buchholz et al. (2025); Bento et al. (2024); Su (2022) for other
canonical estimates of drivers’ heterogeneous values of time.

20ur traffic model also incorporates a dynamic representation of hypercongestion (Small and Chu, 2003; Hall, 2018,
2021; Anderson and Davis, 2020) based on the Cell Transmission Model from the transportation engineering literature
(Daganzo, 1994, 1995; Lebacque, 1996; Boyles et al., 2025).



cations of infrastructure improvements, we model the transportation network granularly and are thus
able to evaluate more specific infrastructure improvements like adding lanes to highways or building

specific subway lines, in the spirit of papers like Kreindler et al. (2023) and Brancaccio et al. (2026).

2 Motivating Example

In this section, we present a minimal illustrative example to demonstrate the roles of driver hetero-

geneity and the marginal value of public funds in determining the optimal level of congestion pricing.

Setup A unit mass of potential drivers each consider whether or not to take a trip along a common

road. If they take the trip, each driver i anticipates a utility of:

ui = Vi = D(q) — o p+ei,

d;

where D(q) is the trip duration when a ¢ share of drivers use the road, p is a toll price for using the
road, v; is the marginal disutility of trip duration, o; is the marginal disutility of money, and ¢; is a
stochastic idiosyncratic taste shock. Each driver compares their value from driving against an outside
option, whose utility we normalize to 0 plus another taste shock €;9. The probability that driver ¢
takes the trip ¢; can thus be written as the probability that the deterministic value of driving §; is

greater than the difference in stochastic taste shocks Ae; = g;0 — &;:
qi = Pr(d; +e; > €i0) = Pr(Ag; < 6;) = F(0;),

where F' is the CDF of Ag;. When the taste shocks are distributed i.i.d. according to the Type 1
Extreme Value distribution, F'(¢;) is given by the standard logit formula: F'(6;) = exp(d;)/(1+exp(d;)).

In equilibrium, the total traffic on the road is given by the total expected road use across all drivers:

q"(p) = Z F(Vi =i D(q"(p)) — aip).

Welfare Objective A utilitarian planner can set the toll p in order to maximize the aggregate

money-metric welfare of all potential drivers in equilibrium:

WA(p)ZZ;Wi(&)Jrqu:Z;[ ¢oi + i&(@ }+ Apq,

i ~~ —~—
expected option value rebated revenue
det. payoff

where the expected utility from driving for each driver ¢ is the product of the probability that they

drive and the expected value of their utility from driving given aggregate traffic level g:

WZ((SZ) = E[(éz — AEZ) . 1{A€i < 51}] = 0; PI‘(AE,‘ < 51) — E[A&Z . 1{A€i < (51}} .

=g —Ki(q)




The welfare function Wy (p) sums the expected utility of all drivers in units of money (e.g., weighted
by their marginal utility of money a%) and adds back the expected revenue from the toll, weighted
by the revenue recycling parameter A. When A = 0, the toll revenue is kept entirely by the planner
and each driver bears the full cost of the toll with no rebate. When A = 1, the planner returns all
of the toll revenue back to drivers (e.g., in the form of a lump sum rebate). Intermediate values of A
between 0 and 1 correspond to partial revenue recycling—for instance, if a portion of the toll revenue
is used to fund the operation and enforcement of the toll. It is also possible for A to be greater than
1 if the planner is able to use the toll revenue to fund public goods with economies of scale, such as

public transportation.

Efficiency Gap with Homogeneous Types When all drivers have the same preferences (up to

their idiosyncratic taste shocks) and tolls are fully recycled (A = 1), the welfare function simplifies to:

Waca(p) = —[4"(0) (V =D () + K(a" ()]

Under this setting, we can recover the classical result that a toll can improve welfare by preventing
inefficiently high traffic levels (Pigou, 1920). To see this, note that in equilibrium, the marginal driver
must be indifferent between driving and not driving. Because drivers are differentiated only by their
taste shocks, this implies that when ¢ is in equilibrium, the deterministic value of driving must be

equal to the ¢ quantile of relative outside option shocks:
V —D(q*(p)) — ap = F~'(q"(p))- (1)

Comparing this to the first order condition of the welfare function below, it is clear that the equilibrium

traffic level without a toll ¢*(0) is above the welfare maximizing level ¢°°* whenever D’(q°P') > 0:
VA [D) + g D™ ] = P ).

However, when p = (y/a) - ¢°P* - D’(¢°P"), the two equations are identical. That is, when the toll is

equal to the marginal cost of congestion, the optimal level of traffic ¢°P! is attained in equilibrium.

The Role of Toll Revenues The familiar result above relies crucially on the assumption that the
toll revenue is fully returned to drivers. At the opposite extreme where the toll revenue is completely
discarded (A = 0), there is no positive toll that can improve welfare for a homogeneous population.
To see this, suppose that a toll price p > 0 could improve welfare. In order for p to be welfare
improving relative to not having a toll, it must be that ¢*(p) is lower than ¢*(0)—otherwise, congestion
is the same or worse and there is nothing to offset the toll cost. However, in order for ¢*(p) to
constitute an equilibrium, the marginal driver must be indifferent between driving and not driving:
V —~vD(q¢*(p)) — ap = F~1(¢*(p)). Since ¢*(p) < ¢*(0) and F~1(-) is strictly increasing, it must be
that F~1(¢*(p)) < F~1(¢*(0)) as well. But welfare is strictly increasing in the value of driving and so

it decreases when F~!(¢*(p)) does—a contradiction.



The logic for this argument follows a similar intuition to that in Vickrey (1969). In equilibrium, the
marginal driver must always be indifferent between driving and not driving. A toll therefore switches
the marginal driver from paying in “congestion” to paying a comensurate amount in money. If drivers
value congestion the same, then the toll benefit will be offset by the toll cost for everyone—but some
drivers will lose the taste shock value they got from driving, and so they will be strictly worse off.

Notably, this argument does not depend on the convexity of the duration function D(-) or the
distribution of the taste shocks F'(-). For any toll p > 0, we can subtract the equilibrium indifference

conditions in (1) to parametrize the congestion relief that can be sustained in equilibrium as:

v[D(q*(0)) = D(¢*(p))] = ap— [F1(¢*(0)) = F~(¢"(p))] -

Ve Vv
congestion relief entry threshold increase

Since F~1(g*(p)) < F~1(q*(0)), the change in the threshold for driving over the outside option is
strictly positive, so congestion relief is strictly less than the toll: v[D(¢*(0)) — D(¢*(p))] < ap. Every
inframarginal driver who remains on the road pays ap more in tolls but saves only v[D(¢*(0)) —
D(q*(p))] in travel time, suffering a net loss equal to the difference in the marginal taste shock for
driving. Meanwhile, marginal drivers who exit are indifferent and lose nothing. So all drivers are

weakly worse off, and those who stay are strictly worse off.

The Role of Heterogeneity When drivers have heterogeneous preferences, a toll can improve
welfare even when A = 0. To see this, suppose that drivers differ through their willingness to pay for
travel time, represented by their price sensitivity «;. When p = 0, the a; heterogeneity is irrelevant:
every type faces the same deterministic payoff V' —~vD(q) and enters at the same rate ¢*(0) = F (V —
vD(¢*(0))). But once a toll is imposed, types separate. A driver with high «; (high price sensitivity
and therefore low willingness to pay) reduces their driving more than a driver with low «; (low price
sensitivity, high willingness to pay). The toll thus reallocates trips away from those who value them
least in money terms and toward those who value them most.

More generally, for any A, there is a welfare improving price p > 0 whenever the derivative of

W (p) with respect to p is positive at p = 0:

ddﬂ = —D(0)g"(0)p +—D(0) Covy(qi(0), ¢:) — (1= A)g*(0).
¥y N———

average congestion relief sorting gain revenue leakage

p=0

Here, ¢; = J* is the value of time for driver i with population average ¢ =3, wilvi/ai), and D(0)

is the total derivative of duration with respect to a marginal toll at p = 0. Since D(O) < 0, the first

term is the overall average value of time saved due to a marginal toll at p = 0. The second term is the

sorting gain: the extent to which drivers who take the trip (and so benefit from the faster road) have

higher values of time than those who do not. The third term is the revenue leakage: the total toll

amount that is extracted from drivers and not recycled. Dividing by ¢*(0), the condition becomes:
g; (0)

‘D(o)} [¢3+ Cov,, <q*(0), ¢1>} >1-A. 2)
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Figure 1: Heterogeneity in network exposure with two sequential segments. Through-drivers (mass miz) traverse both
segments to reach their destination and are exposed to both tolls p1 and p2, while segment-2-only drivers (mass mz) enter
directly at segment 2 and bear only p2. Even when all drivers are identical in (c,7y, V), a toll p1 on segment 1 screens
some through-drivers off the road, relieving congestion on segment 2 for the mo drivers who pay none of the p1 burden.

That is, a marginal toll is welfare-improving only when the value of time saved, weighted by the

relative probability of driving, is large enough to offset each dollar of unrecycled toll payments.

Heterogeneity in Network Exposure The sorting mechanism above relies on drivers differing
in preferences, summarized by ¢;. But a similar logic applies even when all drivers share identical
preferences (a,~, V'), provided they differ in their exposure to the road network. To see this, consider
a road with two sequential segments, as illustrated in Figure 1. A mass mis of drivers must traverse
both segments to reach their destination, while a mass mgy of drivers enter only at segment 2. Let
p1 and po denote the toll on each segment, and let traffic on each segment be q; = misz12 and
g2 = M12T12 + Mox2, where x12 and za are the respective entry probabilities.

Because all drivers must pass through segment 2 to reach their destinations, a toll py on segment 2
can only be welfare-improving if drivers are heterogeneous or if some of the toll revenue is recycled, as
in the one segment case. However, a toll p; on segment 1 provides an additional sorting mechanism: it
screens out some of the mj9 through-drivers off the road, which reduces congestion on segment 2 for the
my drivers without charging them. If the duration function Ds(-) on segment 2 is sufficiently convex
and the common value of time ¢ = 7/« is sufficiently high, then the travel-time savings enjoyed by the
mg segment-2 entrants may exceed the toll burden borne by the mi2 segment-1 entrants, generating a
welfare improvement. More generally, the potential for welfare-improving tolls grows as the network

creates more degrees of heterogeneity in drivers’ exposure to tolled and congested segments.

Connection to our exercise In the remainder of our paper, we quantify the scope for welfare-
improving congestion prices along the Israeli road network. In Section 4.1, we show that drivers
exhibit substantial heterogeneity in price sensitivity and time preferences. In Section 5, we expand our
motivating example into a full model of network equilibrium with heterogeneous drivers. In Section 6,
we combine these two elements to estimate a model of demand for travel and the supply of road
capacity across the largest commuting zone in Israel. In Section 7, we combine supply and demand
to estimate the equilibrium welfare effects of congestion pricing under different pricing schemes and

assess the level of revenue recycling necessary to make congestion tolls welfare-improving.



3 Data

3.1 The Experiment

The primary source of data for this paper is a large-scale field experiment structured toward assessing
the impact of “usage-based” congestion pricing, in which drivers pay a per-kilometer fee (similar
to a “Vehicle Miles Traveled” (VMT) fee) that varies by time and location. The experiment ran
between November 2019 and November 2021 under the administration of Ayalon Highways Co. and
was funded by the Israeli Ministries of Finance and Transportation.? Since late 2019, we have served
as an independent research team focused on the economic evaluation of the experiment.

Approximately 10,000 drivers were recruited to participate in the experiment between January 2020
and October 2020. Recruitment was stratified by geographic region to capture the relative contribution
to congestion from the driving behavior of each area, and staggered over time with a mean (median) of
648 (555) drivers each month. The majority of participants resided in the broader Tel Aviv commuting
zone, which is home to nearly half of the Israeli population. Nearly all participants continued with
the experiment until its conclusion in November 2021.

The operation of the experiment was managed by two companies: Pango, Israel’s leading park-
ing payment company, and Pointer, an Auto-Tech company that specializes in the protection and
location of stolen vehicles. Recruitment combined mass-media public outreach with targeted mar-
keting. Backed by the Israeli Ministries of Finance and Transportation and Ayalon Highways Co.,
a broad national campaign using billboards, digital advertising, and mass media invited the general
public to volunteer via self-registration. Simultaneously, the two operating companies—Pango and
Pointer—conducted targeted marketing campaigns directed at their existing customer bases. Each
company then oversaw the full scope of experiment participation for its recruits. Upon recruitment,
drivers underwent a brief telephone interview, during which they were asked to provide administrative
information (e.g., documentation for their bank account, driver’s license, and vehicle ownership) and
were given a brief explanation of the experiment’s rules. After signing a participation agreement,
drivers were instructed to schedule the installation of a monitoring instrument: an inconspicuous,
difficult-to-remove device that tracks whether a vehicle’s engine is running or idle and transmits its
GPS location. Most drivers already had a qualifying GPS tracking device installed in their vehicle as
part of insurance requirements. In such cases, there was no need to install a second one.

During the first six months after a driver joined the experiment, their driving behavior was moni-
tored and recorded without communication or monetary incentives for any type of driving (we refer to
this as the driver’s “monitoring” period). After six months in the monitoring period, drivers switched
to an “active” status, and began to incur a time- and location-specific fee for each kilometer driven out
of a virtual annual budget of 4,500 NIS (approximately $1,250). The virtual budget translated to real
money: at each annual registration renewal, drivers were paid the pro-rated remainder of their budget
up to 2,000 NIS by an automatic bank transfer. Subsequently, they continued in the experiment under

the same conditions but with a renewed initial budget until the following year.*

3Ayalon Highways Co. is a government entitiy similar to a national highway administration that is responsible for
technology-driven traffic management, including smart traffic lights, managed lanes, and vehicle-related pilot programs.
“The starting annual budget amount was the same in each license renewal period. If the driver’s initial active (paid)
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Figure 2: Participant status by week, starting on the week of January 5th, 2020. The y axis indexes drivers eventually
recruited for our study, and the x axis indexes weeks relative to the first week of recruitment, which was January 5th,
2020. The coordinate corresponding to a given driver and week is colored red if that driver had not yet bequn having their
driving behavior monitored by that week, yellow if the driver was in their six month monitoring period during that week,
and blue if the driver was in the active, treated state during that week.

The per-kilometer fee structure was designed to disincentivize driving on the most congested
roads. Times were bucketed into “peak” (6:45-9:30am and 3:30-6:30pm), “off-peak” (9:30-3:30am
and 6:30-8:00pm) and “leisure” (8:00pm—6:45am), while locations were bucketed into “metro” (the
four major Israeli cities, Tel Aviv, Jerusalem, Haifa, and Beer Sheva), “metro fringe” (the commuting
zones in which the majority of the Israeli population lives) and “periphery.” Only high-traffic driving
was priced: during peak hours, kilometers driven in the metro were charged 1.5 NIS per kilometer
and kilometers driven in the metro fringe were charged 0.3 NIS per kilometer. During off-peak hours,
driving in the metro was charged 0.1 NIS per kilometer, while all other driving was free.

Figure 2 summarizes the distribution of drivers’ staggered recruitment and activation times. The
y axis indexes drivers eventually recruited for our study, and the = axis indexes weeks relative to the
first week of recruitment, which started on January 5th, 2020. The coordinate corresponding to a
given driver and week is colored red if that driver had not yet begun having their driving behavior
monitored by that week, yellow if the driver was in their six-month monitoring period during that
week, and blue if the driver was in the active, treated state during that week.

For each trip taken by a driver in the experiment, we observe the origin and destination at the level
of a Traffic Analysis Zone (TAZ), the distance traveled, the trip duration, and the price that the driver
paid (if they were in active status) or would have paid (if they were in monitoring status), based on the
per-kilometer fee structure. Similar to US Census blocks, TAZs are non-overlapping geographic poly-
gons with similar numbers of inhabitants that are designed to facilitate analyzing and modeling transit
patterns. Due to privacy concerns, we cannot observe the specific location of a driver at any point in

time. However, the TAZs can be quite small: metro area TAZs have an average (median) area of 0.7

period was less than 12 months, then their initial budget was reduced proportionally and they started with a full annual
budget upon their first license renewal.
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(0.4) square kilometers. In addition, while we cannot see the exact route that drivers take, we do see
a breakdown of each trip based on the price formula: for each transition between time buckets or geo-
graphic zones, we observe the distance, duration, price, and start and end TAZs of that trip segment.

In addition to trip characteristics for each driver, we observe each driver’s participation status
(monitoring or active) on each trip and the date of their status change; the time of payment of the
pro-rated remainder budget and the amount paid; whether the dedicated mobile app of the experiment
was downloaded after becoming active, as well as how much the driver used the app;® and the pollution

level of the car and other car characteristics based on the vehicle’s registration information.

3.2 Auxiliary Data

We supplement our microdata on participants’ driving behavior with the following data sources:

Highway sensor data We use data on average traffic speeds and volumes collected at 5-minute
intervals along the Ayalon Highway to estimate the relationship between traffic densities and flows
(e.g. congestion functions) on different roads in Section 6.2. The Ayalon Highway is the main highway
that traverses the Tel Aviv Metropolitan Area and is operated by Netivey Ayalon Company. Our data
was collected using Inductive Loop Detectors (ILD) sensors at different locations along the Ayalon

Highway throughout 2020 and 2021. See Appendix Figure F1 for sensor locations.

Open Street Map We use open-source data on the Israeli road network from Open Street Map
to model how different trips would be impacted by changes in road prices and speeds. To do so, we
reconstruct the route that each trip takes through the road network at the level of individual road
segments, following the sequence of TAZs that the trip traverses. As we find very little variation in
the shortest paths computed using time-varying road speeds over the course of our panel, we take
the speed-limit-based routes as ground truth and hold each trip’s route fixed when considering how
changes in road prices and speeds affect driving decisions. Appendix D describes how we reconstruct

these routes on the OSM network and impute their durations and prices.

GTFS Bus GPS pings We use high-frequency GPS pings from the Israeli public bus network to
infer real-time speeds on every road segment at every date and time in our panel. The raw data
consist of 1.4 billion GPS pings from 925 bus lines, each recording a bus’s location, timestamp, and
trip identifier. We match official transit-route shape files from the Israeli National Authority for Public
Transport (NAPT) to the OSM road network and use consecutive pings to estimate bus speeds on the
traversed segments. Because direct estimates cover only a subset of segment—time cells, we impute
the remaining speeds using a sequence of fixed-effects regressions. This procedure yields a panel of
bus-speed estimates for every OSM road segment, 15-minute time bin, and day in the sample, which
we use to impute counterfactual trip durations at different departure times. See Appendix D.2 for a

full description of this procedure.

5A dedicated mobile app was designed for the experiment to provide drivers with information on their historical
spending, remaining budget, and estimated times and prices for hypothetical trips. Drivers were invited to download the
app once they switched to the “active” status.
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Public Transit Data We use several sources of data on public transit availability and usage. First,
we use information on historical public transit schedules and bus stop locations to calculate possible
public transit alternatives for the observed trips conducted by the drivers, as described in more detail
in Section 3.4. This data is published and made publicly available by the Israeli Ministry of Trans-
portation on data.gov.il in the General Transit Feed Specification (GTFS) format. We construct each
trip’s public-transit alternative—its feasible itinerary, travel time, modal composition, and fare—Dby
routing the observed origin, destination, and departure time through the OpenTripPlanner engine,
using the Israeli GTFS schedule together with the OpenStreetMap road and pedestrian network. See
Appendix D.5 for a full description of this procedure.

Cell Phone Trip Flows To reweight trips in our data to be representative of population-level
origin-destination flows (see Appendix F.3), we use hourly origin-destination flows built from cell phone
location data covering all of Israel in 2018 and 2019, collected by Israel’s Ministry of Transportation
and Road Safety as part of an update to their national travel demand model (Cohen et al., 2021).
The data draw on antenna-triangulated location records from an average of 3.67 million monthly users
of Israel’s two largest cellular carriers—roughly half of Israel’s population aged 8 and above. These
location records are aggregated into average counts across 2018 and 2019 weekdays of trips between

every pair of 250 coarser groups of TAZs in each hour of the day.

Demographic information We use demographic information obtained from the Israeli Central
Bureau of Statistics (CBS) for each TAZ. This includes information on population density and growth
and an index of socioeconomic status, both of which are used throughout our analysis.® We do not
observe administrative data on income or employment for the drivers in the experiment. As such, we

impute demographic information on the basis of each driver’s inferred home TAZ.”

3.3 Habitual Trips

Much of our analysis focuses on habitual trips: recurring origin—destination routes that a driver takes
regularly enough to reflect a stable underlying travel need, such as a commute. We define a habitual
trip as a route between the same origin and destination that a given driver takes within a two-hour
window on at least three occasions over a rolling eight-week period. Applying this procedure to our
23.4 million raw driving records yields 134,672 habitual trips (corresponding to 1,191,202 realized trip
instances), with at least one habitual trip identified for 10,073 of the 10,441 drivers in our sample. The
panel of habitual trips allows us to differentiate between intensive (e.g., time-shifting) and extensive
(e.g., driving less) responses to the experimental treatment and forms the basis of the demand model
that we estimate in Section 6. Appendix D details the full construction of the habitual trip panel,

including trip-specific imputations for routes, durations, prices, and public-transit alternatives.

5The socioeconomic index is an official statistic published by the CBS to reflect differences in economic circumstances
across different regions of Israel. The index is calculated on the basis of several variables, including the rate of public
funding dependency, average years of schooling in the adult population, percentage of academic degree holders, levels of
employment and household income. Lower values correspond to lower socioeconomic status.

"We calculate each driver’s most frequent origin TAZ of their first trip of the day and their most frequent destination
TAZ of their last trip of the day; whichever occurs more frequently is inferred to be the driver’s home TAZ.
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3.4 Descriptive Statistics

Baseline Driving The average driver in our experimental panel took 14 trips per work-week (Sun-
day through Thursday in Israel, excluding holidays) during their monitoring period, covering 188
kilometers over the course of 6.2 hours behind the wheel. The majority of the kilometers driven and
time spent driving was on cross-city trips—the most common types of trips for commuting. Cross-city
trips also constitute the majority of driving in congested zones, as designated by the experiment’s
per-Km fee schedule: if they had been paying for these trips, the average driver would have incurred
46 NIS in total congestion fees per week, two-thirds of which derived from cross-city driving.

Appendix Table Al presents a detailed breakdown of trip counts, durations, speeds and prices
across the distribution of drivers. About half of within-city trips have distinct origins and destinations
(“non-cycle”). The other half, “cycle” trips, have the same origin and destination TAZ. Because TAZs
in metro areas are quite small, these trips are likely a combination of short-distance trips in less urban
places and errand trips more generally. While the average “cycle” trip has a similar distance, duration
and price to the average “non-cycle” trip, the latter contributes substantially more to total driving
and congestion exposure at higher quantiles.

Because drivers in our experiment were recruited on the basis of their contribution to congestion
(and were required to have a personal vehicle available for regular use), the average driver in our
sample is not representative of the general population of Israel. Compared to the general population,
the distribution of home TAZs in our sample under-represents the bottom quartile of socioeconomic
status and over-represents the top quartile.® Compared to average driving statistics across the country,
drivers in our sample take more trips per week, and drive fewer but slower kilometers than the average
Israeli driver.” However driving patterns in our sample are similar to those in major metropolitan
areas of the United States. US drivers took about 11.4 trips per work week on average in 2022 (down
from 16.85 in 2017) (U.S. Department of Transportation, Federal Highway Administration, 2017).
Among these, the average commute time was 25.7 minutes nationally, but over 30 minutes in major
metropolitan areas like New York City and Washington DC (U.S. Census Bureau, 2022).

4 Causal Effects of Pricing

The staggered recruitment of drivers into the experiment facilitates an event study design to evaluate
the average impact of pricing on the driving behavior of participants. We apply the difference-in-
differences framework of Borusyak et al. (2021) to estimate cohort average treatment effects on the
treated (CATTSs) 7. for each cohort of drivers ¢, defined by the week in which they switched from
“monitoring” to “active” status, and each calendar week t after their activation date. For each
week ¢, we compute potential outcomes on the basis of the drivers who are still in the “monitoring”
phase, subject to a two-way fixed effects parametrization. We then generate CATT estimates 7, and

aggregates by relative time to treatment e = ¢t — ¢, by averaging the difference between observed

8See Appendix Figure Al for a comparison of the distribution of socioeconomic status in our sample to the population.
9Statistics on the general population are based on the most recent available cellular survey data. The average Israeli
driver takes 1.9 trips per weekday and covers 21 Km per trip, spending less than one hour a day on the road.
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outcomes and the potential outcomes predicted by the two-way fixed effects model. See Appendix C.1

for details on identification and estimation.

4.1 Average Treatment Effects
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Figure 3: Fvent studies of dynamic average treatment effects across weeks relative to treatment week.

Figure 3 presents average treatment effect estimates for the number of trips taken over the 10
weeks before and 16 weeks after each driver’s treatment week, along with associated 95% simultaneous
confidence bands. Because different types of trips had different levels of exposure to pricing, we present
separate event studies for cross-city trips and within-city non-loop (e.g., with different origin and
destination points) trips—about 20% of the pre-treatment mean. As Figure 3a shows, the treatment
response on cross-city trips was sharp and consistent. By four weeks after treatment, drivers reduced
their cross-city driving by about one trip per week on average.'?

Appendix A.2 presents correspdonding event studies for the total weekly price, price per trip, and
departure times for cross-city and within-city non-loop trips. The total weekly price of cross-city trips
decreased by about 7.5 NIS per week on average, while the price per cross-city trip taken decreased
by about 0.5 NIS per trip on average. This suggests that the nature of the trips that drivers took
changed in response to the pricing treatment: they reduced their driving on the most expensive trips,
changed the timing or routing of their trips to avoid peak pricing, or a combination of both.!!

As Figure 3b shows, the treatment response for within-city non-loop trips was more gradual, with
an average decrease of 0.25-0.5 trips per week. However the price dynamics were different: the average
price per trip taken increased slightly over the course of the 16 weeks after treatment, while the total
weekly price increased initially and then stabilized at zero. Appendix A.2 also presents event studies
for the number and total price of within-city loop trips. Neither the number of trips nor the total

weekly price of within-city loop trips changed significantly after treatment.

0T here appears to be a slight anticipation effect in the 1-2 weeks prior to the start of the treatment period in Figure 3.
This is likely due to noise in when drivers were actually alerted that they were going to begin getting treated, as well as
to minor inaccuracies in the recording of the exact treatment timing. To assess the robustness of our treatment effect
estimates to potential anticipation effects, we find similar results to those plotted in Figure 3 when each driver’s effective
treatment week is set as two weeks prior to their measured treatment week (Callaway and Sant’Anna, 2021).

' Appendix Figure Aba shows that the average first departure time for evening cross-city trips (for which peak hours
spanned 3:30 to 6:30PM) became later over the course of the 16 weeks after treatment.

15



Cross-City Trips Within-City Trips
Weekly Total Price ——
Weekly # Trips |1 ——— ——
Weekly Distance A ——
Price / Trip 1 —_— —_—
Total Duration 1 ———
-0.20 -0.10 000 -0.10 -0.05 0.00 005 0.10

ATT in units of pre—treatment std. dev

Figure 4: Average Treatment Effects Across Congestion-Related Outcomes

Figure 4 summarizes the treatment effects across different measures of congestion-related driving
for cross-city and within-city trips. The average treatment effect on the treated (ATT) for the weekly
number of trips in the second row of each panel corresponds to the average of the dynamic CATTSs
on weeks 4-16 in Figure 3, normalized by the standard deviation of pre-treatment weekly cross-city
and within-city trips, respectively. That is, the decrease of approximately 1 cross-city trip per week
corresponds to a decrease of approximately 25% of a pre-treatment standard deviation. We plot the
average treatment effect estimates for the other measures in the figure in the same way, normalizing
the ATT estimate for each measure to the units of its pre-treatment standard deviation.'?

As the left panel of Figure 4 shows, the treatment response for all of the measures of congestion-
related driving on cross-city trips is negative in similar relative magnitudes—between 0.1 and 0.2 pre-
treatment standard deviations. By contrast, there was no substantial impact on aggregate congestion-
related driving for within-city non-loop trips. Total weekly trips decreased by about 7.5%, and the
average price per trip increased by about 7.5%, but we cannot reject a zero for the impact on total
weekly price, total weekly distance or total weekly duration at 95% confidence. This suggests that
driving on some within-city trips may have slightly decreased but the nature of these trips may have
increased in exposure to congestion to compensate.

To better understand how drivers adjusted to the pricing treatment, we focus on the two intensive

margins of treatment response: timing and routing. Zooming in on Cross-City trips, Figure 5 plots

12Because the measures may be related, we report confidence intervals for each estimate in two ways. In thin lines,
we report the Bayesian bootstrap-based confidence interval that controls for the family-wise error rate (FWER) across
all of the measures in the same plot at 5% (Romano et al., 2010). In thick lines, we report the uncorrected confidence
intervals computed with a Bayesian bootstrap that treats each ATT estimate separately. In addition, we color each
point estimate and its confidence interval according a hypothesis test against a zero effect. A gray estimate indicates
that the stepdown procedure developed in Romano and Wolf (2005) does not reject the null hypothesis of a zero effect
size while controlling per-plot FWER at 5%. Correspondingly, a green (resp., red) estimate indicates that the stepdown
procedure rejects the null hypothesis of a zero effect size in the direction of an increase (resp., decrease). Note that it is
possible for the stepdown procedure developed in Romano and Wolf (2005) to reject a zero effect size in cases where the
FWER-corrected confidence interval includes zero. This is because the stepdown procedure is able to be less conservative
when rejecting null hypotheses than simultaneous confidence band-based testing procedures while maintaining the same
FWER control.
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the average treatment effects on measures related to the time of departure for the first trip of the day
taken in the morning (left) and the evening (right). As the figure shows, evening trips started about
10% of a pre-treatment standard deviation later after the pricing treatment. This corresponds to a
decrease of about 10% of a pre-treatment standard deviation in the frequency of trips starting during
PM peak hours (and correspondingly an increase in the frequency of PM trips starting during off-peak
or leisure hours. The effect on departures for morning cross-city trips was less clear. Although the
frequency of trips starting during peak hours seems to decrease somewhat, we cannot reject a zero
effect at 95%. Together, these results suggest that drivers responded to the treatment by reducing
their exposure to peak hours across the board, but that they may have had more flexibility with

respect to their departure times in the evening.

AM PM
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Figure 5: Average Treatment Effects on Departure Times for Cross-City Trips

Figure 6 plots the average treatment effects on the share of each trip that is spent in each of our
nine pricing buckets, among PM cross-city trips. Although only one of the treatment effects survives
our hypothesis test (with family-wise error correction for all of the other ATTs plotted on the same
graph), the point estimates suggest that the share of trip distance covered in metro areas decreased
during peak times and increased during off-peak and leisure times. At the same time, the share of
trip distances covered in fringe and periphery areas during peak times did not change significantly (or
even shifted down a bit in the case of fringe areas). Together, these shifts suggest that the primary
way that drivers reduced the price of their trips was by shifting the time in which they drove—not
where they drove. This is consistent with the results in Figure 5, which show that drivers shifted their
start time for driving away from peak hours. It also suggests that drivers did not respond by changing

their routes in a substantive way.
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Figure 6: Average Treatment Effects on Trip Shares by Price Bucket for PM Cross-City Trips

4.2 Heterogeneity in Treatment Effects

The average treatment effects in Section 4.1 aggregate over substantial heterogeneity across drivers
with different baseline driving needs, flexibility, and socioeconomic status. To characterize the nature
and degree of heterogeneity across different dimensions of driving behavior, we apply the Sorted Effects
method developed in Chernozhukov et al. (2018). For each outcome of interest, we compare the
average characteristics of the 20% of drivers with the weakest (e.g. least negative) covariate-predicted
treatment effects and the 20% of drivers with strongest (e.g. most negative) covariate-predicted
treatment effects. See Appendix C.2 for details.!?

Figure 7 plots the sorted effects results for heterogeneity in treatment responses through the weekly
number of cross-city trips. The left-most panel considers heterogeneity with respect to the extent to
which drivers contribute to congestion in their baseline (pre-treatment) driving. As the left panel
shows, the drivers who reduced their cross-city driving the most had 2.5 standard deviations more
cross-city trips during the pre-treatment period than the drivers who reduced their cross-city driving
the least. They also had more expensive trips—Ilikely because they were longer in distance. All
together these comparisons suggest that the drivers who changed their behavior the most on the
extensive margin were those who were most exposed to high prices for driving. Because our treatment
imposed high prices on driving in congested times and places, these drivers likely also contributed the
most to congestion in the baseline.

In some ways, it is intuitive that the drivers who were most exposed to the treatment also responded
the most strongly to it. But this is by no means guaranteed ex-ante. Drivers who took the most
trips prior to treatment likely also had higher baseline needs for taking these trips. As such, our
heterogeneity results suggest that a substantial portion of the drivers with high driving needs also
had the flexibility to respond to prices by driving less. The sorted effects results in the middle and
right hand panels of Figure 7 provide further backing to this idea. Drivers who reduced their cross-
city driving the most had more variability (e.g. higher entropy) in their morning arrival and evening
departure times, and had better access to convenient public transit alternatives. On the other hand,

there is no discernable difference in socioeconomic status between the most and least responsive drivers.

13See Appendix Table A2 for a summary of the covariates used to measure heterogeneity in this exercise.

18



Congestion Covariates

Flexibility Covariates

Price / Trip | T Arri\ll_glls;'iﬁ\n,\g |
Price / Km 1 ArrivaILEanSttré;:')\f/ ] IR
# Cross—City Trips 1 + Departu':riés%lran'\g | _°_'
# Within—City Trips - | DepartureFIérr?ttﬂl)DK')\f/ | , T
0 1 2 -0.5 0.0 0.5 1.0

Socioeconomic Covariates

Med # Trips / Week | !

Route—-Based Covariates

Home Block | with Metro | :
Socioeconomic Rank Med # Transitions | 5
b/w Zones | !
Med Metro Distance | !
Home Block | in AM Peak | !
Population Density Med Metro Distance | '
. in PM Peak | |

02 00 02 04 000 025 050 075 100 1.25

Figure 7: Sorted effects results for treatment effects on the number of cross-city trips taken per week. The z-axis shows
the average difference in covariates, measured in standard-deviation units, between riders with the most positive CATEs
(top 20%) and those with the most negative CATEs (bottom 20%) for the outcome.

Figure 8 plots the sorted effects results for treatment responses in the first evening departure time
for cross-city trips. As we discussed in Section 4.1, a stronger treatment response in this context
corresponds to a bigger shift to a later first departure time. As with the total number of trips,
drivers who responded most strongly with respect to their departure time had higher exposure to the
treatment through baseline spending, but they took only 0.5 standard deviations more cross-city trips
than the drivers who responded least strongly. Moreover, while measures of flexibility and transit access
distinguished drivers with strong over-all extensive margin responses, there was no such distinction for
departure time. Rather, the only clear differentiators between drivers with the strongest and weakest
effects were their average pre-treatment departure time, the population density of their home TAZ
block and the amount of pre-treatment evening driving that took place in metro areas during peak
hours. To help interpret these results, it is worth noting that while the average first evening departure
time in our sample was about 5:45—a full 45 minutes before the end of peak hours—we are focusing
only on the departure time of the first trip of each evening. Shifting the first trip to later in the
evening implies that either the rush-hour trip was delayed (and any later trips were delayed as well)

or that the rush-hour trip was replaced all together.
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Figure 8: Sorted effects results for treatment effects on the first PM departure time for cross-city trips. The z-axis shows
the average difference in covariates, measured in standard-deviation units, between riders with the most positive CATEs
(top 20%) and those with the most negative CATFEs (bottom 20%) for the outcome.

5 A Model of Time-Varying Traffic Equilibrium

To assess how scaling up the experiment’s pricing scheme to the population of potential drivers would
affect driver behavior and welfare in equilibrium, we now develop a model of time-varying traffic
equilibrium in a general road network. Our model builds directly on the simple example presented
in Section 2: drivers with heterogeneous values of time consider whether and how to take trips that
differ in their origins and destinations given expected costs and travel times. Travel times and trip
costs are determined by endogenous traffic speeds throughout the road network, which are themselves
determined by drivers’ choices of routes and departure times. The resulting congestion dynamics grow
in complexity in space and time. When a driver enters the network, the number of other drivers they
interact with depends not only on how their different routes intersect, but also on how fast each driver
traverses the road segments leading to their meeting points. Our model is designed to capture these
rich dynamics on real-world road networks while enabling efficient equilibrium computation and price

optimization.

Overview A mass of () non-atomic drivers take private vehicle trips through a road network com-
prised of a graph with nodes n € N, and a set of directed edges (n,n’) € & C N? that correspond
to road segments connecting these nodes. We track drivers’ positions throughout the network in
continuous time over a finite interval of length 7.

Each road segment e is endowed with a time-varying price function pe(-), such that a driver who
finishes traversing segment e at time 7 pays price pe(7). This notation nests many canonical road
pricing schemes. For example, we can represent usage-based road pricing schemes (such as the one

used in the experiment) by setting p.(7) to the per-kilometer price of segment e’s pricing zone at time
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7 multiplied by the length of e. We can represent cordon pricing schemes like those implemented in
London, Stockholm, or New York City by setting p.(7) for segments e that cross a cordon boundary
to the price of crossing that boundary at time 7 and pe(7) for all other segments to zero.

Each driver i is endowed with a single trip (i.e., an origin-destination pair) and a focal time window
T; == [T;,T;] during which they can choose to drive (or not). The identity of the trip and focal time
window determine the choice set for how the driver might take their trip. We denote the set of routes
available for driver i to take as J;. Each route j € J; is characterized by a sequence of road segments
rj = (ej1,...,¢ejk,;) where Kj is the number of road segments in the route, and ej; € £ denotes which
road segment in the road graph corresponds to the k-th segment in the sequence of road segments
comprising route j. We let kj. denote the inverse of this indexing scheme, i.e. the index of the road

segment in route j that corresponds to road segment e € £.1

Driver Choices On a given day, each driver ¢ chooses whether to take their trip, and if so, which

route j € J; and departure time 79 € 7; to depart on so as to maximize their expected utility U;;(7o):

Uij(m0) = Vij(10) — 7iDj(70) — @i Pj(70) +¢€ij(70), Uio(o0) = €ip(00).

di5(T0)

Here, Dj(19) and Pj(79) are the expected duration and price of a trip on route j departing at time
70. Vij(10) denotes driver i’s “scheduling preference” for leaving at time 7y when taking route j. The
residual £(79) is a Type-1 extreme value shock that is i.i.d. across drivers, routes, and times.!
Once driver ¢ has departed on route J; = j at time T; = 79, we model the driver’s position along the
edges r; of their route as a time-inhomogeneous, continuous-time Markov chain F;(7). In particular,
when driver ¢ traverses segment e;;, at calendar time 7, they advance to the next route segment € 1)

at an instantaneous rate:

d .
A7) = 2 Pr(Bi(T + h) = €y | BiT) = €ji, Ji = ) .
h=0

and remain on segment ej; otherwise until they stochastically transition at a later time. The rates
S\jk(T) are determined by contemporaneous congestion conditions, as we will explain below.

A consequence of the Markov chain model is that the amount of time that it takes for driver i to
traverse route j is stochastic. That is, while the expected duration of traversing segment ej;, starting
at time 7 is the inverse of the traversal rate 1/ S\jk(T), the actual duration for a given traversal is

determined by the realization of stochastic transition draws:'6

Cik = inf{Tl > C¢7k,1 ’ Ei(T/) = ej(k+1)}-

Since prices are charged when a driver exits each segment, we can express the expected trip duration

14This notation assumes that each route traverses each segment in the graph at most once.

5For a formalization of type-I extreme value processes for modeling random utility over a continuum of choices, see
Dagsvik (1994) and Appendix A of Dupuy and Galichon (2014).

16We define Cjo as the departure time 7;.
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Dj(19) and price Pj(7) for a trip departing on route j at time 79 as follows:
K;
Dj(r0) =E [Cix, =70 | Ji=j, Ti =70], Pj(n) =E Zpejk C) | Ji=4 Ti=70. (3)
k=1

Here C;k; is the time at which driver i completes their trip on route j, so that D;(7) is the expected
time of the final arrival at i’s destination, less the departure time 7. Pj(79) is the expected sum of
the segment prices along route j at the stochastic point in time at which each segment is successfully
traversed.

The stochastic nature of the model also entails that the progression of a driver’s position along
their route may violate the rigid “first-in-first-out” physics emphasized by engineering models of traffic
flow: it is possible for a driver to traverse a road segment faster than other drivers who entered that
same road segment earlier. However, the Markov structure of the route progression process greatly
simplifies calculating the level of congestion on each road segment at every point in time: instead of
tracking each driver’s linear progression along their route—overlapping with different drivers, each on
their own route, at different points in space and time—we need only to track the probability mass
of drivers currently located on a given segment in order to know how congested that segment is.
This allows the model to represent spatiotemporally granular traffic dynamics that are faithful to the

physics of traffic flow at the population level across large road networks.

Segment-level congestion The canonical model of traffic flow in the transportation engineering
literature (see Boyles et al. (2025) for a textbook treatment) assumes that at each instant, the vehicle
speed ve(p) (measured in distance per unit of time) on a road segment e is a decreasing function of
the vehicle density p (measured in vehicles per unit of distance) on that road segment. This yields
a relationship often referred to as the fundamental diagram of traffic flow, between vehicle density p
and traffic flow fc(p) = ve(p) - p (measured in vehicles per unit of time) through the road segment.
Typically, the fundamental diagram f.(p) is concave: flow rises from zero at zero density, peaks at

crit

¢t = argmax, fc(p), and then falls back to zero at a “jam” density P where

a critical density p
traffic is gridlocked and no vehicles can traverse the segment. We call the increasing branch of the

)

fundamental diagram the “free-flow” region and the decreasing branch the congested” region.
Notably, the concavity of the fundamental diagram implies that two different vehicle flow rates can
be observed for the same vehicle density and speed: one in the free-flow region and one in the congested
region. This may lead to multiple equilibria when flow is equated to flow demanded as a function of
traversal time (Small and Chu, 2003). To solve this indeterminacy problem, we take a dynamic
approach inspired by the canonical Cell Transmission Model (Daganzo, 1994, 1995; Lebacque, 1996):
rather than treating the fundamental diagram as a single function, we model each road segment’s
congestion conditions with two different flow functions: a sending flow function fs.(p) that captures
the rate at which vehicles exit the road segment and a receiving flow function fgre(p) that captures the
rate at which vehicles can enter the road segment from upstream. The sending flow is determined by

the flow on the “free-flow” branch of the fundamental diagram, and the receiving flow is determined
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by the flow on the “congested” branch of the fundamental diagram:

A < crit , fe / < crit
Foolp) = fe(p) p < pe Frlp) = supy fe(p') P < p™

supy fe(p/) p >t fe(p) p > pt
P

crit

When density is below pS™, sending flow is low because fewer vehicles are entering the road segment
than the maximum capacity f.(p&") the road segment has to “push” through. When density is high,
sending flow should still be high because the road segment can still “push” through as many vehicles
as possible up to the maximum capacity fe(p Cr‘t). On the flip side, when density is low, receiving
flow remains high because the road segment has more space to “accept” vehicles than the maximum
capacity fe(p C“t) it has to receive them. When density is high, receiving flow should decrease because

vehicles are already packed into the road segment tightly so it’s more difficult to accept new vehicles.

Segment-level traversal rates. To explain how this segment-level congestion technology deter-
mines drivers’ stochastic segment traversal rates, we let g;;(7) denote the mass of drivers who chose
route j who are currently on the k-th segment of that route at time 7, we collect these time-7
masses into the route-level mass vector q;(7) == (¢;1(7), ..., ¢k, (7‘))/, and we in turn let q"U(7) :=
{q; (7')}]J:1 denote the collection of all route-level vectors. We then abuse notation slightly and also
define the total mass of drivers g.(7) across all routes who are on segment e at time 7 as well as the
number of drivers g..(7) who are on segment e at time 7 and whose next segments in their routes are
/

e:
K K;

J J
=Y ) e =elgin(n), qeer(7) =D > Ueje =€, ey = € (7). (4)

j=1k=1 j=1k=1

<.

In general, we refer to a pair (e,€’) of an upstream segment e and a downstream segment ¢’ as a
movement, and we let q(7) denote the collection of all movement-specific masses gee/(7) at time 7.
Since we assume vehicle density is uniform on each segment, we can write the density of vehicles on
segment e with length /. at time 7 as q.(7)//.; as such, for notational convenience, we override the
definitions of the sending and receiving flow functions to be in terms of vehicle mass instead of vehicle
density: fse(q) = fse(q/le) and fre(q) = fre(q/le)

In our multi-route setting, multiple pairs of incoming and outgoing segments could intersect at
the same node, meaning not all sending flow from a given incoming segment attempts to enter the
same outgoing segment, and the total receiving flow provisioned by an outgoing segment must be
divided among the incoming segments. As such, we assume that total sending flow fse(ge(7)) from
an upstream segment e is allocated to a downstream segment €’ in proportion to the mass of drivers
Jee (T) on segment e whose next intended segment is ¢/, meaning we can write the total sending flow
of vehicles from segment e to segment €’ at time 7 i8S fse(qe(T))  Geer (7)/qe(7). To determine how a
downstream segment €’s total receiving flow is apportioned to upstream segments’ sending flows, we
set an explicit priority ranking of the incoming segments £_, to €/, where as much of the sending
flow from an upstream segment e € £_,. is served by the receiving flow of segment ¢’ until this is

none left, at which point any remaining segments in the upstream priority list get zero receiving flow
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allocated to them. For brevity, we just let free(q(7)) denote segment e’s available receiving flow that
is allocated to segment e.

Putting these pieces together, for a movement (e,€’) and a time 7, we can write the endogenous
total rate at which drivers transition from segment e to the next segment e’ on their route as the
minimum of the proportional sending flow from e toward e’ and the priority-allocated receiving flow

that e’ grants to upstream segment e:

Vee (q(7)) = min{ fse(qe(7)) - Geer (T) / 4e(7), frere(a(7))}

with terminal throughput ve.z(q(7)) == fse(qe(7)) gew(7)/qe(7) for drivers completing their trip from
the last segment.!” To translate this overall movement traversal rate into the rate A\, at which any
individual driver moves from segment e to €', we divide the total throughput rate v by the mass of
drivers attempting this transition gee (7):
. Vees (Q(T)) /Qee’(7)7 Gee’ (T) > O’

Aee’ (q(T)) = v,
dieqe(Q(T))? Gee’ (T) =0

)

where when g/ (7) = 0, the derivative of v..(q(7)) equals the limit of vee (q(7)) / Geer (T) aS Geer (T)
goes to zero and equals the free-flow speed of segment e when the sending flow for edge e is binding
for the overall throughput vee (g(7)). Thus, the driver-level transition rate Ajj,(7) introduced above is
Aejpie;en (A(7)) for k < Kj, with S\jKj(T) = )\ejKj;g(q(T)) for drivers completing their trips from the

last segment.

Driver mass propagation. Next, we describe how driver mass is propagated through the road
network over time. Let F(f) denote the joint distribution of drivers’ choice sets and preferences
0= (T, T,V(-),a,7), let J(0) and T(0) := [T(0),T(0)] denote the route choice set and focal time
window for a driver of type 6, and let §;(7; q,0) := V;(7;0)—~vD;(7; q) —aP;(7; q) denote the systematic
component of utility for a driver of type 8, where we now make the dependence of expected trip duration
and price on q explicit. Then we can write the aggregate route-departure-time share density s;(7; q)

and aggregate trip departure rate a;(7;q) of drivers on route j in the following form:

5(7; q) ::/ exp(9;(7:4,6))
014> ieqo fIT((;;) exp(dj/(u; q,8))du

dF(0), a;(1;q) = Qsj(7;q). (5)

Once a driver has departed on route j, the driver-level transition rates )\e].k;ej (k41) define a (K +
1) x (K; +1) generator matrix Q;(q(7)) for a continuous-time Markov chain representing the driver’s

position along their route over time, where state K; + 1 is an absorbing state corresponding to trip

1"We adopt the convention 0/0 = 0 for the proportional-allocation terms.
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completion:

Nepernn, (@), k€ [K;—1],
N ola(r)), k=K,
Qi(q(r))[k, k] = =Q;(q(7))[k + 1, k],

with all other entries equal to zero. ); has a bidiagonal, “birth process” structure reflecting the fact

Qj(q())[k + 1, k] =

that a driver can only move forward one segment at a time, and the trip completion state K; + 1 has
an all-zero column, meaning drivers who complete their trip remain in that state.
The Kolmogorov forward equations then dictate that driver mass propagates along each route j

according to the following system of ordinary differential equations (ODEs) across routes:

%%‘(T) =Q;(q(7)) q;i(1) +aj(t;q)er, ¢;(0)=0 jeJ. (6)

The first term propagates existing mass forward along the route at endogenous rates encoded in @);:
for each segment k, mass flows out at rate Q;[k, k| and into the next segment via Q;[k + 1,k]. The
second term injects new mass at rate a;(7; q) into the first segment (via the standard basis vector e1).

The initial condition g;(0) = 0 dictates that no drivers are on any route at the start of the horizon.

Expected trip duration and price. Equipped with route-level mass dynamics, we close the model
by characterizing the expected duration D;(7; q) and price P;(7; q) of a trip for a driver who has chosen
route j and departed at time 7 defined in (3). Since both objects can be written as expectations over
the stochastic path generated by the route-j traversal process, they can both be computed as special
cases of a backward recursion in process state starting from the trip completion state.

Let Xji(7; q) denote the expected remaining cumulative quantity (either duration or price) for a
driver on route j currently in segment-state k at time 7. Suppose that being in segment k on route j
at time 7 accrues a running amount r;;(7) per unit time, that a jump from segment & to k£ + 1 incurs
a lump-sum amount my(7), and that if a driver is still in segment & of route j at the horizon time T,
we assign terminal continuation value X jk- At the absorbing state there are no further contributions,
so Xj(r;+1)(139) = 0.

To derive the ODE governing X(7;q) intuitively, note that over a small time increment dr, a
driver in segment k at time 7 either transitions to segment k+1 (with probability Q;(q(7))[k+1, k]-dT)
or remains in segment k (with the complementary probability).'® In either case, the driver accumulates

the running amount r;;(7) - d7 over the interval [7,7 + d7]. By the law of total expectation:

Xjn(139) = rjr(r) dr + Q;(q(7))[k+1, k] dr - (mjk(7) + Xj(rp1y (T+dT; q))
+ (1= Qj(a(m)[k+1,K dr) - Xji(7+d7; q).

Rearranging and taking dr — 0 gives the following generic backward ODE governing X (7; q) for

8Tn a continuous-time Markov chain, the probability of two or more jumps over [r,T 4 d7] is second order in d7, so
only the zero-jump and one-jump events matter in the first-order expansion.
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each k € [K;]:

— %Xjk(TQQ) = () + Q;(q(7))[k+1, k] (mji () + X;j(11)(T: @) — Xji(T3q)). (7)

We solve this ODE backward from the post-horizon boundary condition X;x(7;q) = Xj;. In words,
the expected remaining cumulative quantity from segment k decreases over time at a rate equal to the
current running contribution plus the expected change generated by a jump: with rate Q;[k + 1, k],
the driver incurs the lump-sum amount m;; and moves to a state whose continuation value differs by
Xjtk1) = Xk

Expected remaining trip duration D;,(7;q) starting from the k-th segment on route j at time 7
is a special case of X, (7;q) with running amount r;j;(7) = 1, no jump amount mj(7) = 0, and
post-horizon value X ;i equal to the free-flow remaining duration. Similarly, expected remaining price
P (75 q) starting from the k-th segment on route j at time 7 is the special case with no running amount
7ik(7) = 0, jump amount m;x(7) = pe,, (7), and post-horizon value X, = 0. Solving these specialized
X;k(7;q) ODEs backward from each time 7 yields the objects entering demand: D;(7;q) = Dj1(7;q)
and P;j(7;q) = Pj1(7:q).

Equilibrium. Finally, we can define a time-varying traffic equilibrium in our model as a collection of
movement-level mass functions g*(-) such that the solutions to the expected duration and price ODEs
specialized from (7) yield route departure rates (5) that in turn imply route-level mass propagation
according to (6) that aggregate back to the same movement-level mass functions g*(-) via (4). We use
G(q(-)) = q(-) to refer to this fixed point equation that an equilibrium g*(-) solves.

In words, the fixed point requirement for an equilibrium is at the movement level: movement-level
masses determine congestion and therefore transition rates, which in turn determine the backward
recursions (expected duration and price), which feed into route and departure time demand, which
determine route-level inflows, which pin down route-level mass paths together with the transition
rates. Aggregating those route-level paths back to the movement level must reproduce the original

movement-level masses.

Discretization and computation. The model above admits a convenient time discretization that
facilitates efficient equilibrium computation in practice; we provide a high-level overview of our ap-
proach here and defer a detailed description to Appendix G.

In particular, we discretize the length-7" time horizon into discrete periods (7¢,7¢+1) of length A
indexed by ¢t and assume that segment traversal rates in each period ¢ remain constant at their values

Ae:er (@) when evaluated at the period-average movement-level masses Geers:

oo = [ d
Gee't = Gee! (T) T.
Tt

This within-period traversal rate homogeneity allows us to express the solutions of the ODE systems
governing mass propagation (6) and expected trip durations and prices (7) as linear equations that

propagate start-of-period route-level masses forward in time and start-of-period duration and price
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continuation values backward in time. ¢..; can also be expressed conveniently via another linear
equation in these start-of-period route-level masses.

Since expected trip durations D;(7; q) and prices Pj(7;q) are constant with in each interval ¢, we
can write them as Dj;(q) and Pj(q). If we also assume scheduling preferences V;(r;6) for a driver
with type 6 equal constants Vj;(f) within each period ¢ and that drivers depart at a uniform rate
within each period, we can express the rate aj;(q) at which drivers depart along route j within each

period t in a form analogous to mixed logit demand over routes and departure windows:

0j¢(q,0) = Vje(0) — vDji(q) — aPj(q),
. Q exp(9;¢(q, )
)=y /@ L+ ieg) 2over(o) xP0v(q,0))

dF(0).

We can then define a discretized equilibrium fixed point equation in terms of the period-average
movement-level masses ¢eo; analogous to the continuous-time version G. See Appendix G.1 for details.

While the linear operators defining the linear systems governing discretized equilibrium dynamics
do not admit closed forms, we describe how to evaluate them approximately in a computationally
efficient manner in Appendix G.2 using a technique called uniformization (Stewart, 1994). We provide
a complete description of the accelerated fixed point algorithm we use to solve for discretized equilibria
in Appendix G.3.

In Appendix G.4, we show how the smoothness of our equilibrium allows us to use first-order
methods to maximize the average of driver-level money-metric welfare under different levels of revenue
rebating over different segment pricing schemes:

1 +/ exp(0;() (15 9%)) dr | + Q/o siji)(T:47) Py (1547 d, (8)

winl{re(ece) = - log 1+ |

(2

i

where j(i) denotes driver i’s route,'? 6,y (75 ¢*) = V(i) (1) — %Dy (7: @*) — aiPj(iy(1: ), and g*(-)
is an equilibrium, i.e. G(g*(+)) = g*(").

6 Model Estimation

In order to take our model to the data, we first estimate the distribution of primitives that underpin
supply and demand for driving across the road network. For demand, we estimate the preferences over
prices and durations that govern the decision to drive for different individuals in our experimental
panel. For supply, we estimate the relationship between traffic density and flow on specific road
segments. We then connect demand and supply using a population-weighted mapping of driving

through highways by our panelists to the concurrent traffic flows observed on those highways overall.

19Recall that, in our empirical application, we assume each driver has a single possible route for their trip.

27



6.1 Demand for Trips

In order to identify preferences over driving conditions, we must first establish when an individual
might want to drive in the first place. This raises a fundamental challenge: we only observe trips that
are taken by drivers in our sample; not all trips that were considered being taken. To resolve this, we
focus on trips that reoccur with some regularity. We define a “habitual trip” as a route between the
same origin and destination that the same driver takes within a two hour window at least 3 times in a
rolling 8 week period. For each habitual trip, we then consider a series of trip opportunities at which
the trip might have occurred. For instance, if we observe a driver often driving between a given origin
and destination around 6 PM, then we consider the possibility that they would take this trip between
5 PM and 7 PM every weekday until we stop seeing them make that trip at the same cadence. See
Appendix D.1 for details.

In order to allow preferences to vary flexibly across travel purposes and times of day, we refer
to each habitual trip ¢ as a separate driver for the purposes of our model. On each date £ € L; in
which their trip is defined, driver i considers a set of choices {(j,t) : 7 € Ji, t € T;} for how to
take their trip (or not at all). In keeping with our definition of habitual trips, we allow drivers to
choose from 9 departure times in 15-minute intervals within an hour of their median departure time in
our data. For simplicity, we assume that the driver always takes the fastest route available based on
road-level speed limits regardless of traffic conditions and suppress the route index j in what follows.
This simplification is consistent with our reduced form finding that drivers did not appear to change
their routes in response to the experiment’s pricing scheme.?’ As such, it is unlikely to meaningfully
restrict the choice set that each driver faces in our estimation model. However, it may be restrictive
for counterfactuals that substantially change the geography of where prices apply.

For each potential departure time t on date ¢, we impute the expected trip duration D,y and trip
price Pjy that driver ¢ would incur if they were to drive at that time based on concurrent road speeds
along their route on that date/time. To do so, we first infer real-time speeds on every road segment in
the Israeli road network at every date and time in our panel using high frequency GPS pings from the
Israeli public bus network, as detailed in Appendix D.2. We then estimate a trip-level regression model
to account for systematic differences between observed trip durations and the durations projected based
on concurrent road speeds. The expected duration Dy for each trip opportunity (i,/¢,t) is given by
the regression-adjusted projected travel time for trip ¢ based on the road speeds starting at time ¢ on
date /.

The imputed road speeds also determine the expected prices Pyy;. For each trip opportunity (i, 4, t),
we sum the prices charged for each kilometer in trip i’s route depending on which time bin the kilometer
is predicted to be driven in. If slower road speeds at time ¢ entail that a kilometer in the metro zone
is driven during peak hours instead of off-peak, for instance, then we account for the higher resulting
price in Py;. We also add the expected cost of gasoline based on the number of kilometers in #’s

route under average fuel efficiency and time varying gasoline prices. When drivers are in “monitoring”

2In addition, we computed the real-time shortest path for a randomly drawn sample of routes, days and times
throughout our sample. Across these samples, the average ratio of real-time shortest path travel time to the shortest
path based on speed limits was within a few percentage points.
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status, the price Py only includes the gasoline cost. When drivers are in “active” status, the price
Py includes both gasoline and the experiment’s congestion prices. See Appendix D.3 for details

In order to account for heterogeneity in the availability of attractive public transit alternatives,
we assign each habitual trip ¢ a public transit ratio R; that is analogous to the public transit index
used in Section 4.2. We compute R; as the ratio of the projected driving duration to the duration
of the best available public transit alternative at the median departure time in the driver’s choice
set; see Appendix D.5. Because R; is evaluated at the fixed median time rather than recomputed for
each potential departure time in the choice set, it is a trip-level characteristic rather than a choice-
specific characteristic like expected trip duration or price. Because public transit duration enters the
denominator, a higher ratio indicates a more attractive public transit alternative. Notably, only 1.1%
of trips have a viable public transit alternative involving rail (without first/last leg driving) and nearly
40% of trips require at least one bus transfer; see Appendix Table A4 for a detailed breakdown of best
transit modes.

Our panel of trip opportunities across drivers allows us to estimate mixed logit preferences at a
granular level as in a standard demand estimation problem (Berry, 1994; Berry et al., 1995). We define
markets m(i, £) as tuples of dates ¢ € £; and origin-destination pairs. We parameterize the distribution
of random duration, price, and transit ratio coefficients (7;, a4, p;) as a joint Normal distribution with
a mean vector depending linearly on a vector of demographic variables X; (in particular, standardized
home-neighborhood population density and home-neighborhood socio-economic status as described in
Section 3) and a general covariance matrix 3. We estimate the parameters of our demand model by
minimizing a panel mixed logit negative log-likelihood objective with an added IV-GMM “penalty”
akin to the CLEER estimator proposed by Grieco et al. (2025); see Appendix E for details.

The identification for our parameter distributions relies on both panel variation—including the
within-driver experimental status change from “monitoring” to “active”—and cross sectional variation
in exposure to coarse pricing bins, higher gas prices, and the availability of public transit alternatives.
Importantly, market-mean duration could plausibly be positively correlated with drivers’ unobserved
scheduling preferences, since times when more drivers want to depart (e.g., rush hour tends to be
at the time when typical workdays end) are also the times when trip durations are the longest due
to congestion. To address this endogeneity concern, we construct an instrument that takes advan-
tage of spatial dispersion of sporadic rainfall events. As documented by the press (The Times of
Israel, 2020, 2021), 2020 and 2021 had unusually high rainfall throughout the calendar year—often
separating nearby regions with dramatically different rain exposure. Because heavy precipitation is
relatively rare in Israel, major rainstorms have a substantial impact on road conditions and gener-
ally slow down driving speeds. To leverage the variation from this supply shock across different trip
opportunities, we construct an instrument for trip duration using the distance-weighted average of
cumulative precipitation across the TAZs traversed by trip . See Appendix D.4 for details.

We report the results of our demand estimation procedure in Table 1. On average, drivers dislike
both higher prices (ag) and longer travel times (79), with both mean taste coefficients estimated
precisely. These sensitivities vary systematically with driver demographics: drivers from higher socio-

economic-status neighborhoods are less price-sensitive but more duration-sensitive, while drivers from
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Estimate Std. Error 95% CI

Mean Taste Coefficients

Price (ag) —0.1476***  (0.0015)  [—0.1506, —0.1446]

Duration (o) —4.9773"%  (0.3869)  |5.7356, —4.2191]

Transit Ratio (po) 02442 (0.2077)  [-0.6514, 0.1629]
Interactions with Price

SES x Price 0.0415*** (0.0009) [0.0398, 0.0432]

Population Density x Price 0.0115**  (0.0007)  [0.0100, 0.0130]
Interactions with Duration

SES x Duration ~1.0920**  (0.0313)  [~1.1533, —1.0307]

Population Density x Duration 0.1137*** (0.0298) [0.0553, 0.1721]
Interactions with Transit Ratio

SES x Transit Ratio ~0.3595*  (0.0214)  [-0.4014, —0.3176]

Population Density x Transit Ratio —0.1789***  (0.0171)  [-0.2123, —0.1454]
Random Coefficient Covariance (3)

Var(Price) (,.,) 0.0022°*  (0.0001)  [0.0019, 0.0025]

Cov(Duration, Price) (Sq.,) ~0.0405"**  (0.0046)  [~0.0496, —0.0314]

Cov(Transit Ratio, Price) (¢ ) 0.0165*** (0.0035) [0.0097, 0.0234]

Var(Duration) (24.4) 1.6347** (0.0754) [1.4869, 1.7826]

Cov(Transit Ratio, Duration) (Xi,4) 0.2578*** (0.0760) [0.1087, 0.4068]

Var(Transit Ratio) (X ¢r) 0.5277*** (0.1067) [0.3186, 0.7367]

P p < 0.01, *p<0.05 *p<0.10

Table 1: Panel mized logit demand estimates. Standard errors are clustered by habitual trip and market; see Appendiz E.3
for details.

denser neighborhoods—where public transit tends to be more accessible—are both less price-sensitive
and less duration-sensitive. Having better transit alternatives has a noisy effect on average, but it
reduces driving more for drivers with higher home-neighborhood socio-economic status and population
density. Beyond this demographic variation, every entry of the estimated random-coefficient covariance
matrix ¥ is statistically distinguishable from zero, indicating substantial remaining heterogeneity in
preferences that is unexplained by observed demographics. To benchmark our estimates, we find that
the median Value of Time 7;/a; (measured in NIS per hour) implied by our estimates is 50 NIS,
which is close to a reported estimate of the median hourly wage for hourly workers (Dagan-Buzaglo,
2025) or 150% of the minimum hourly wage (National Insurance Institute of Israel, 2026) and well
within typical relative-to-hourly-wage estimates found in the literature.?! See Appendix A.3 for the
full distribution.

6.2 Supply of Traffic Flow

Taking the supply side of the model in Section 5 to the data requires three sets of inputs. We first
estimate the segment-level congestion functions f. that map the density of vehicles on road segment
e into the rate at which vehicles traverse it. We then construct the road network (N, ) over which

these flows interact. Finally, we connect supply and demand by translating the habitual trips in our

21See Section 5.2.2 of Su (2022) for a thorough review of different literatures’ estimates of similar quantities.
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Figure 9: An estimated congestion function relating traffic flow on a segment of the Ayalon highway to traffic density on
that segment.

experimental panel into the total mass of potential drivers () and the distribution of driver types F'.

Estimating segment-level congestion technologies. We estimate the congestion functions f.
using observed lane-level traffic volumes (flows) and median speeds in 5-minute intervals from the
Ayalon roadway sensors described in Section 3.2. We use weekday data from 2020 through 2022,
yielding approximately 1.2 million observations from 24 sensors. For each sensor-lane-interval obser-
vation, we recover traffic density by dividing the observed flow by the median speed, in keeping with
the discussion of the relationship between traffic flow, density, and speed in Section 5.

Because the available sensor data covers only a subset of the roads used in our counterfactuals, we
estimate per-lane congestion functions for classes of observably similar roads. We classify sensors by
their speed limits (70 or 90 kilometers per hour) and whether they are located on a regular roadway or
a bridge or tunnel, producing four baseline road classes. Within each class, we estimate the lane-level
flow-density relationship nonparametrically using a constrained least squares procedure. In particular,
we model each relationship as a flexible Bernstein polynomial subject to three linear shape restrictions
based on the properties of the fundamental diagram: flow is concave in density, flow is zero when
density is zero, and the slope at zero density equals a free-flow speed proxy based on the class’s speed
limit. Figure 9 plots an estimated function for one of the four road classes.

We extend these estimates to the remaining major roads we consider in our counterfactuals using
the road segments’ characteristics. For speed limits between 50 and 120 kilometers per hour, we
linearly interpolate or extrapolate between the functions estimated for the 70 and 90 kilometer-per-
hour classes. For a segment e with L. lanes and total density p, we then aggregate the lane-level

congestion function féane to the segment level by scaling its input and output:

. _ lane p
fe(pa Le) - Le fe <Le) . (9)

Appendix F.1 provides details about our congestion function estimator and extrapolation procedure.
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Constructing the counterfactual road network. Next, we construct the road network used in
our counterfactuals from the OSM data introduced in Section 3.2. We allow endogenous congestion
on the major roads in the largest commuting zone in Israel, the “Central District” around Tel Aviv
(visualized in Figure F3) and use the 17,748 habitual trips between February and July of 2021 whose
imputed routes use at least one of these major roads in our counterfactuals and whose choice sets
lay between 2 PM and 10 PM. We then also include compressed sequences of any other OSM road
segments traversed by these habitual trips so that drivers experience the trip durations and prices
for their entire routes. For tractability, we keep these segments’ per-vehicle traversal rates fixed in
counterfactuals to those implied by our imputed segment-level speeds used to determine potential trip
durations in Section 6.1. The resulting road network tracks endogenous vehicle masses on 4,707 edges.
See Appendix F.2 for details.

Connecting trip demand to traffic-flow supply. We use two external data sources to make
the focal habitual trips—those intersecting the Central District and departing between 2 PM and 10
PM between February and July of 2021—representative of aggregate traffic. Cell-phone-data-based
origin-destination trip counts by hour, described in Section 3.2, determine the composition of trips
across locations and times of day. Highway sensor volumes then determine the absolute traffic scale
relevant for the estimated congestion functions.

We first choose nonnegative population weights w; for the focal habitual trips through the Central
District introduced above so that their weighted average weekday realizations reproduce the cell-
phone-data-based number of car trips in each supported origin-destination-hour cell. These restrictions
determine the traffic represented by the panel in each cell but generally do not determine how that
traffic should be allocated across the individual habitual trips that can contribute to it. We resolve this
indeterminacy using a variant of entropy balancing (Jaynes, 1957): among the weights that satisfy the
origin-destination-hour restrictions, we select those closest to a reference allocation that distributes
each home area’s adult population equally across the supported habitual trips of drivers who live
there. This procedure preserves the population composition of drivers’ home locations to the extent
permitted by the external trip-flow restrictions.

The origin-destination weights determine relative traffic demand across space and time, but their
scale need not match the vehicle-flow scale of the estimated congestion functions. To reconcile the two,
we map each Ayalon sensor to a directed road-network edge and use the inferred routes for habitual
trips to determine which realized trips in our data would cross it. We then aggregate both predicted
crossings and observed sensor volumes to 30-minute intervals and regress observed sensor volumes on
the weighted number of predicted crossings without an intercept. The resulting common coefficient
maps weighted habitual trips into realized traffic flow.

Finally, we use our demand model estimates from Section 6.1 to construct the remaining objects
that enter the counterfactual equilibrium. A habitual trip’s total mass equals its entropy balancing
weight multiplied by the share of relevant weeks in which the trip is available and the scaling coefficient
estimated above; summing these contributions across trips gives total potential driving demand Q. To

construct F', we average each trip’s date-varying scheduling preferences estimated in Section 6.1 over
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our weeks of interest and use them to construct the posterior distribution of its price and duration
preferences defined in Appendix E.4; we then weight these habitual trips by the same population and
weekly-availability weights that enter (). See Appendix F.3 for more details about these steps.

7 Equilibrium Responses to Road Pricing

Armed with the model estimates from Section 6, we simulate traffic equilibria under different pricing
schemes and other interventions to the road network. As described in Section 6, we focus our coun-
terfactuals on trips in the Tel Aviv commuting zone that took place between February and July of
2021, when traffic conditions were largely back to pre-pandemic levels.?? Each counterfactual requires
solving for the movement-level vehicle masses that equilibrate speeds for the 4,707 road segments in
our road network of interest across the 32 15-minute intervals between 2 PM and 10 PM, as described
in Section 5. We then compute segment-level equilibrium speeds and driver-level equilibrium prices,

durations, trip propensities, and money-metric welfare.

Baseline Equilibrium We begin by simulating equilibrium traffic in the baseline when no con-
gestion prices are charged. Figure 10 demonstrates the equilibrium flows at three points of after-
noon/evening travel. At 2PM traffic within the metro area (in shaded red) is moderate whereas traffic
in the metro fringe (in shaded yellow) is low. During peak hours at 5:45, traffic is uniformly high
throughout the Central District. At the end of the day at 9:45, traffic is relatively low and dispersed
with higher concentrations in the metro area north of Tel Aviv. These traffic flows generate congestion
that slows down highways far below their speed limits during peak hours. The average occupancy-
weighted road speed during peak hours is just 29 km/h—mnot far from the 24 km/h evening peak speed
reported on a central road within the Central District in November 2025 (Zagrizak, 2025).%3

Experiment Fee Schedule Next, we consider how the fee schedule used in our experiment would
affect equilibrium traffic and welfare if it were applied to all drivers in the Central District. Table 2
summarizes the difference in the average driver’s probability of taking their trip on a given day, trip
duration and price conditional on driving, and aggregate money-metric welfare with and without
revenue recycling relative to the baseline. On average, the experiment fee schedule would reduce the
probability of driving by about 5 percentage points (15% of the baseline probability). For trips that
are still taken, average trip speed would increase by 5.67 km/h (13% of the baseline) at an average cost
of 6.36 NIS. By comparison, New York City’s congestion pricing program reportedly reduced traffic
volumes by 11% (Badger et al., 2026) and increased average trip speeds to and from the congestion
zone by 3-6% (Cook et al., 2025). All in all if tolls were fully rebated back to potential drivers, then

228ee, for instance, “Israel’s traffic jams are back, and worse than ever” published in April 2021 (Lieberman, 2021).

233ee Appendix Table A5 for breakdown of equilibrium segment speeds. Each summary statistic aggregates over a
segment-15-minute interval, weighted either by segment length or by segment-time occupancy. The occupancy-weighted
speeds are thus very low, as they account for the fact that the slowest speeds arise when the most vehicles are on the
road. Notably, the 2025 Globes article cites extremely low speeds as well—another congested segment it mentions has
an average evening speed of 14 km/h. Appendix Table A6 reports the corresponding distribution of trip-level statistics.
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Figure 10: Equilibrium traffic between 2 PM and 10 PM without prices in the Central District

the experiment fee schedule would increase welfare by 1.61 NIS per trip-day. However, the rebates are

necessary: if toll revenues were withheld from drivers, average welfare would decrease by 0.44 NIS.

Mean SD Q25  Median Q75

Trip Probability (%) -4.72  11.67 -7.51 -1.53 0.00
Distance / Day (km) -0.95 428  -0.85 -0.13  0.00
Price / Trip (NIS) 636  7.19  1.30 408 8.82
Duration / Trip (mins) -3.65 573 -5.25 -0.94  -0.03
Speed / Trip (km/h) 567 695  0.15 2.63  9.58
Raw Consumer Surplus (NIS/day) -0.44 8.18 -1.31 -0.22  0.00
Rebated Consumer Surplus (NIS/day) 1.61 8.18 0.73 1.83 2.04

Table 2: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the experiment fee
schedule, relative to the baseline equilibrium with no pricing.
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The speed gains generated by the experiment fee schedule are not fully driven by the extensive
margin. To see this, we consider a stylized version of the model in which drivers’ trip probabilities
are fixed so that their only choice is when to take their trip. With only time-shifting as an option
to reduce their exposure to pricing, drivers pay slightly more per trip and the increase in rebated
consumer surplus is halved, but average trip speeds increase by 3.75 km/h—two-thirds of the gain
under the full model.?*

Benchmarking to Road Expansion Although our paper is primarily focused on road pricing, our
model allows us to evaluate other types of interventions that might reduce congestion and increase
speeds and welfare. As a benchmark, we consider a counterfactual in which no pricing is imposed,
but every highway in the Central District is expanded with a new lane in each direction. Table 3
reports the corresponding equilibrium effects. On average, adding a lane increases the probability of
driving by about 4 percentage points (12% of the baseline probability) and average trip speeds by
3.92 km/h (9% of the baseline). Because no tolls are collected, revenues are irrelevant but consumer
surplus increases by 1.73 NIS per trip-day due to the speed gains and added trips. That is, without
taking into account the costs of land provision and road construction, congestion prices based on the
experiment fee schedule with full revenue recycling would generate a net welfare gain equivalent to

94% of the gain from adding a lane to every single highway.

Mean SD Q25  Median Q75

Trip Probability (%) 3.93  5.62 0.06 1.54 5.58
Distance / Day (km) 0.89 247  0.00 0.14  0.75
Price / Trip (NIS) 0.00  0.00  0.00 0.00  0.00
Duration / Trip (mins) -246 325  -3.76 -1.14  -0.04
Speed / Trip (km/h) 392 425  0.24 281 6.45
Raw Consumer Surplus (NIS/day) 1.73  5.79 0.01 0.28 1.42
Rebated Consumer Surplus (NIS/day) 1.73  5.79 0.01 0.28 1.42

Table 8: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium after adding one highway
lane, relative to the baseline equilibrium with no intervention.

Benchmarking to Transit Expansion Another commonly cited intervention for reducing conges-
tion is to expand transit infrastructure. To simulate a benchmark in this direction, we consider the
planned Tel Aviv metro (subway) system, which began construction in 2025 and is set to open in 2037
(Wikipedia, 2026). Table 4 summarizes the effects of the new metro system across the Central District.
Only 8% of trips in the Central District would have a faster transit route using the metro system—2%
with a direct route and 6% with a route that combines the metro with bus or rail. Among these,
the metro system would reduce transit time by about 5 minutes on average, increasing the driving-to-
transit ratio by 12-16%. Despite these gains, our model predicts that equilibrium driving probabilities

would respond modestly. Drivers with a direct metro alternative reduce their driving probability by

248ee Appendix Tables A7 and A8 for a trip-level summary and segment-level speed changes by baseline occupancy.

35



Table 4: Metro expansion: planned network and driver outcomes by metro route type. The left panel maps the planned
metro lines across the Central District. The right panel reports baseline driving cost and time, transit-time savings
from the new metro, and equilibrium changes relative to the no-price baseline, for drivers grouped by whether their fastest
transit itinerary would use the metro alone (direct), in combination with bus or rail (combo), or not at all (not improved).

Population Share (%) Mean SD P25 P50 P75
Baseline Avg. Driving Cost (NIS)

Direct metro (subway + walk) 22 506 283 329 4.07 6.56

Combo metro (subway + bus/rail) 6.0 7.61 4.64 487 6.80 9.15

Not improved by metro 91.9 760 9.79 261 495 861
Baseline Avg. Driving Time (mins)

Direct metro (subway + walk) 2.2 31.00 14.33 20.15 26.93 38.35

Combo metro (subway + bus/rail) 6.0 36.23 15.77 24.33 33.92 45.74

Not improved by metro 91.9 31.56 23.50 17.26 25.98 37.71

Transit Mins Saved with Metro

Direct metro (subway + walk) 22 476 536 028 310 6.92

Combo metro (subway + bus/rail) 6.0 489 445 152 380 6.83

Not improved by metro 91.9 0.00 0.00 0.00 0.00 0.00
% Driving-to-Transit Ratio Increase with Metro

Direct metro (subway + walk) 2.2 16.02 1947 096 831 2325

Combo metro (subway + bus/rail) 6.0 12.02 12.02 3.35 830 16.91

Not improved by metro 91.9 0.00 0.00 0.00 0.00 0.00

A Eqm. Trip Probability (pp)

Direct metro (subway + walk) 22 -124 316 -1.62 -0.18 -0.00

Combo metro (subway + bus/rail) 6.0 -026 1.63 -0.63 -0.13 0.07

Not improved by metro 91.9 -0.00 041 -0.00 0.00 0.01

A Egm. Speed / Trip (km/h)

Direct metro (subway + walk) 22 010 024 0.00 0.01 0.2

Combo metro (subway + bus/rail) 6.0 0.04 018 -0.01 0.00 0.04

Not improved by metro 91.9 0.01 0.12 -0.00 0.00 0.02

) ngzzz::;n fringe A Eqm. Consumer Surplus (NIS/day)

g = :?;ih";:;\; Direct metro (subway + walk) 22 091 345 0.02 019 081
o Combo metro (subway + bus/rail) 6.0 017 1.64 -0.01 0.09 0.37
O Metro stops Not improved by metro 91.9  0.02 0.35 -0.00 0.00 0.00

1.24 percentage points, while drivers with a combo alternative reduce their driving probability by only
0.26 percentage points. These drivers do benefit from the metro system: consumer surplus increases
by 0.91 NIS per trip-day for direct metro drivers and 0.17 NIS per trip-day for combo drivers—roughly
half and one tenth of the average rebated consumer surplus from congestion pricing with the experi-
ment fee schedule. However, since these trips represent a small minority of drivers, the total increase

in consumer surplus is only 0.04 NIS per trip-day.

Optimal Pricing with Revenue Recycling A natural question is how much better congestion
pricing might do if the prices were set optimally. To answer this question, we retain the pricing
buckets used in the experiment—three categories of time and three categories of geography—and
solve for welfare-maximizing prices for each bucket under full revenue recycling (A = 1) using the
price optimization algorithm described in Appendix G.4.2> The left panel of Table 5 reports the
resulting optimal usage-based price schedule. The optimal price for kilometers driven in the metro
zone during peak hours is close to the price set by the experiment: 1.69 NIS / km relative to the

experiment’s 1.5 NIS / km. However, metro off-peak is over three times as high as the experiment

25Tt would be possible, in principle, to find optimal prices for every road segment and time interval. However, while
we are comfortable ignoring routing choices under the coarse geographic zones used in the experiment, it is likely that
more granular pricing would incentivize substantial rerouting. Since we don’t observe routing choices in our data, and
don’t account for routing choice in the demand model, allowing for rerouting would require a substantial extension of
our current demand estimation routine.
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(a) Usage-based (b) Cordon-based

Peak  Off-peak Peak  Off-peak

Metropolis 1.69 0.99 Metropolis — Metro Fringe  9.33 9.36
Metro Fringe  0.23 0.00 Metro Fringe — Metropolis  10.78 13.77
Periphery 2.28 0.03 Metro Fringe — Periphery 2.17 0.86
Periphery — Metro Fringe 0.11 0.18

Table 5: Optimal price levels with full revenue recycling (A = 1) under usage-based and cordon-based pricing.

price, and metro fringe peak is more than double. As a result, average driving probability decreases
by nearly 9 percentage points relative to the equilibrium without pricing, and average rebated welfare
increases by 2 NIS per trip-day—a 17% improvement over the welfare from adding a lane to every
highway in the Central District. See Appendix Table A8 for a summary of the equilibrium effects on

driver-level trip outcomes and money-metric welfare.

Optimal Cordon Pricing with Revenue Recycling In practice, most congestion pricing policies
are implemented through cordon zones, rather than usage-based fees. As such, we also consider how
optimal cordon pricing might differ from its usage-based analogue with the same objective. We retain
the same three categories of time and geography as in the usage-based pricing case, but model prices as
binding only on segments that are at the entrance of each geographic zone. The right panel of Table 5
reports the corresponding optimal cordon schedule for directional zone-crossings. Unsurprisingly, the
largest tolls are at crossings to and from the metro zone, which is also priced highest in the usage based
scheme. More surprisingly, the tolls are higher for crossings into metro and in the off-peak hours than
from the metro. This reflects the different nature of the trips being targeted by the directional crossing:
trips exiting the metro in the evening are likely returning commuting trips with lower elasticities of
demand. On the whole, however, cordon prices are much less effective at improving welfare than
usage-based prices. Average trip speeds increase by under 2 km/h, compared to 8 km/h under usage-
based prices, and average rebated welfare increases by 0.48 NIS per trip-day. See Appendix Table A9

for a summary of the equilibrium effects on driver-level trip outcomes and money-metric welfare.

Distributional Effects and Pareto Improvements In all three of the pricing scenarios considered
above, the average raw consumer surplus impact is negative. This suggests that revenues play an
important role in generating the welfare gains from pricing. Figure 11 makes this clear by showing the
distribution of per-driver welfare changes across value-of-time decile bins with and without revenue
recycling. Without revenue recycling, nearly all drivers are worse off, but the top decile of drivers with
the highest values of time gain disproportionately more. This pattern is most extreme in the optimal
usage-based pricing scheme, in which 80% of drivers are worse off relative to the baseline without
pricing in terms of raw consumer surplus. But the optimal usage based pricing scheme also generates
the highest revenues—2.96 NIS per trip-day—which is more than enough to compensate the losses
and generate a pareto improvement.

Panel (b) shows the corresponding distribution of welfare changes when revenues are rebated so

as to compensate each driver for their consumer surplus loss relative to the no-price baseline and then
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Figure 11: Distribution of per-driver welfare changes by value-of-time decile under different pricing schemes.

distribute the remainder equally among all drivers. Although optimal usage-based prices generate the
biggest losses in raw consumer surplus, they also generate the highest rebated welfare for every decile
of value of time. By contrast, optimal cordon prices generate substantially fewer losses—only 35% of
drivers need to be compensated for a pareto improvement—but also generate substantially less revenue
and ultimately lower rebated welfare for every bin of drivers.?6 This reflects the limited targeting ability
of cordon pricing: it cannot distinguish drivers briefly passing through highly congested zones from
heavy users of congested roads and so it must charge lower average prices overall.

Appendix Figure A9 plots the distribution of raw and rebated welfare changes by decile of so-
cioeconomic status. As with value of time, raw consumer surplus decreases on average for most SES
bins, at the benefit of richer drivers (albeit less evenly and with the highest benefits acruing to the
80-90th percentile of drivers). However, the pareto improving distribution of rebated welfare is evenly

distributed across the top 70% of SES bins and proportionally higher for the bottom 30% as well.

Optimal Prices without revenue recycling As the discussion of optimal prices above suggests,
revenues play an important role in efficiently reducing congestion. However, as we showed in our
motivating example in Section 2, they are not always necessary to generate a net welfare improvement
from congestion pricing. As Appendix Table A12 shows, it is possible to improve net welfare with
a usage based pricing schedule even when no revenues are included in welfare at all. The optimal
price is positive for just one category: periphery-peak at 2.34 NIS / km. This suggests that, as in
our example in Figure 1, most trips that involve the periphery also touch the much more congested
metro and metro fringe. Charging for periphery driving during peak hours therefore targets long trips
that cross multiple zones but are identifiable by their traversals of the periphery. Because these trips
are also expensive to begin with due to gas costs, and their drivers appear to be relatively elastic,
targeting them and not the drivers who stay within the metro or metro fringe can efficiently reduce

congestion in those zones, modestly improving net welfare.

268ee Appendix Table A10 for a breakdown of Pareto-improving revenue recycling under each pricing scheme.
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Table 6: Smallest revenue-share weight A* such that positive prices are optimal.

Full network het. No network het.

Preferences Usage-based Cordon

Estimated 0.00 0.00 0.21
Homogeneous 0.44 0.59 0.57

The Role of Heterogeneity As the example highlights, the gains from this sort of targeting
can only be realized if drivers are sufficiently heterogeneous—either in preferences, in exposure to
congested roads, or both. In Table 6 we show that this holds in our setting as well. To do so, we
simulate counterfactual networks with each of the two types of heterogeneity shut down: homogeneous
preferences keep drivers’ routes and choice sets fixed, but use identical demand parameters set at the
population average for everyone; no network heterogeneity simulates drivers who face ex-ante random
route and departure time sets (see Appendix G.6 for details). As the table shows, it is possible
to generate net welfare improvements with no revenue recycling with both usage based and cordon
pricing under the baseline network.?” However, if drivers all had the same preferences, then at least
44% of revenues would need to be recycles in order to generate welfare improvements under usage
based pricing, and 59% under Cordon pricing. With no network heterogeneity, both numbers are
higher: if preferences are at baseline, then at least 21% of revenues would be needed to generate
welfare improvements; if preferences are homogeneous as well then at least 57% of revenues would
be needed. This logic extends beyond the margin as well: optimal usage based prices with revenue
recycling without preference heterogeneity can only generate an average welfare gain of 0.71 NIS per
trip-day—35% of the gains under full heterogeneity. If all heterogeneity is shut down, then optimal
pricing can only generate 0.10 NIS per trip-day.?®

8 Conclusion

Congestion pricing is among the most heavily studied and most heavily resisted tools in transportation
policy. The core of the resistance is an intuitive concern: that added tolls would induce heavy losses to
drivers but deliver only modest benefits through time savings. In this paper, we ask what conditions
are necessary for a congestion pricing policy to be net beneficial. Our theoretical framework makes
clear that congested roads alone are not enough to justify congestion pricing: tolls either need to be
recycled back to consumers, or they need to efficiently sort drivers with different values for driving
under congested conditions. When one or both of these forces is at play, the nature and value of
optimal congestion pricing depends on the primitives of supply and demand: how elastic different
drivers are to price and trip duration; how elastic road speeds are to congestion; and how much of the
revenues collected from tolls can be recycled back to consumers.

To make this concrete, we assess the feasibility of different congestion pricing policies in the Central

2"Note that the optimal Cordon prices when A = 0 are only marginally above zero.
28Gee Appendix Table A14 for the optimal pricing schedules under homogeneous demand, and Appendix Tables A15,
A16, and A17 for the corresponding equilibrium effects under homogeneous demand and under no network heterogeneity.
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District of Israel. Using data from a large usage-based pricing experiment, we show that Israeli drivers
are elastic to price, but systematically heterogeneous in their preferences and margins of subsitution. If
the experiment’s fee schedule were to become policy, the number of trips taken in the Central District
would decrease by 15% and trip speeds would increase by 13%. To make this equilibrium a welfare
improvement, at least some of the toll revenues would need to be recycled back to consumers. With
full recycling, however, the policy could generate a Pareto improvement, making every potential driver
better off.

Our model allows us to consider alternative transit interventions and to benchmark the welfare
gains from congestion pricing against them. We find, for instance, that the experiment’s fee schedule
would generate 94% of the gains from adding a lane to every highway in the Central District and
substantially more than the gains from the Tel Aviv metro currently under construction. Optimal
usage-based prices would charge higher fees outside the metro zone in peak hours and inside the metro
during off-peak hours, delivering higher net welfare gains under revenue recycling. It is possible to
generate welfare improving congestion prices even without revenue recycling—by charging kilometers
driven in the periphery as a way to target a sliver of drivers who also drive in the more congested
metro and metro fringe zones. Pricing Cordon gate crossings instead of every kilometer driven makes
it more difficult to induce efficient sorting and so the net welfare benefit is lower than with usage-based
pricing. That said, either approach can generate welfare gains with or without revenue recycling. As
our framework suggests, the latter result is attributable to the extent of heterogeneity in preferences
and network exposure across drivers in our setting. Without preference heterogeneity, at least 44%
or 58% of revenues would need be recycled under usage-based and Cordon pricing, respectively, in
order to make any congestion pricing policy net welfare improving. Without heterogeneity in network

exposure either, the minimum revenue recycling rate would be 68%.
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A.1 Descriptive Statistics

A Supplemental Tables and Figures

Quantiles
Variable Mean SD 10 25 50 75 90
Panel A: All Trips
Weekly Trips 14.23 9.45 2.00 7.00 13.00  20.00 27.00
Weekly Km Driven 188.42 190.34 8.00 52.50 137.90 262.90 427.30
Weekly Trips Duration (Hours) 6.23 5.38 0.58 2.47 5.28 8.64 12.49
Weekly Price 46.33 52.93 0.00 4.37 27.68 70.16 123.36
Price / Trip 3.24 3.71 0.00 0.41 2.08 4.74 8.13
Panel B: Cross-City Trips
Weekly Trips 4.84 5.00 0.00 0.00 4.00 8.00 12.00
Weekly Km Driven 112.06 146.60 0.00 0.00 61.30 166.70 296.81
Weekly Trips Duration (Hours) 3.04 3.64 0.00 0.00 1.92 4.74 7.72
Weekly Price 30.68  45.77 0.00  0.00 8.82 4456  95.76
Price / Trip 4.24 5.46  0.00 0.00 1.87 6.99 12.44
Panel C: Within-City (Non-Cycle) Trips
Weekly Trips 4.36 546 0.00 0.00 2.00 6.00 12.00
Weekly Km Driven 19.66 34.44  0.00 0.00 7.50 25.00 54.40
Weekly Trips Duration (Hours) 1.19 1.88 0.00 0.00 0.50 1.61 3.30
Weekly Price 6.39 14.94 0.00 0.00 0.28 5.80 18.97
Price / Trip 1.00 2.03 0.00 0.00 0.08 1.10 3.12
Panel D: Within-City Trips (Cycle) Trips
Weekly Trips 3.68 4.77  0.00 1.00 2.00 5.00 9.00
Weekly Km Driven 19.11 42.76  0.00  0.00 5.20  20.70 50.65
Weekly Trips Duration (Hours) 1.12 1.96 0.00 0.01 0.48 1.45 2.94
Weekly Price 3.96 10.62 0.00  0.00 0.00 2.56 11.92
Price / Trip 1.03 2.78 0.00 0.00 0.00 0.63 2.95

Appendiz Table A1: Summary Statistics of Main Outcome Variables, Pre-Treatment
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Quantiles

Covariate Mean SD 10 25 50 75 90
Congestion Covariates

Price / Trip 3.41 314 029 1.06 263 4.75 7.62

Price / Km 0.30 0.25 0.04 0.10 0.23 043 0.65

# Cross-City Trips 599 4.04 2.00 250 5.00 9.00 11.00

# Within-City Trips 4.02 392 1.00 2.00 3.00 5.00 8.50
Flexibility Covariates

Last AM Arrival Time 9.48 1.23 7.73 8.67 9.76 10.46 10.80

Last AM Arrival Entropy 141 045 0.69 110 139 1.73 195

First PM Departure Time 17.08 0.90 16.11 16.42 16.89 17.54 18.29

First PM Departure Entropy 1.81 046 1.10 159 1.89 2.15 2.35
Socioeconomic Covariates

Home Block Socioeconomic Rank  0.68 0.90 -0.62 0.16 0.82 1.33 1.75

Home Block Population Density 0.01 0.01 0.00 0.00 0.01 0.01 0.02
Route-Based Covariates

Med # Trips / Week with Metro ~ 7.96 7.49 0.00 1.50 6.50 13.00 18.00

Med # Transitions b/w Zones 2.81 3.73 0.00 0.00 150 4.00 7.50

Med Metro Distance in AM Peak 12.85 20.23 0.00 0.00 4.00 17.71 38.87

Med Metro Distance in PM Peak 19.08 19.62 0.00 5.13 14.34 26.60 43.30

Appendiz Table A2: Summary Statistics of Heterogeneity Covariates, Pre-Treatment. Entropy (— >, pylogps) is com-
puted after rounding times to 10-minute bins. Higher values indicate less regular schedules; lower values indicate more
routine timing. Clock-time covariates (last AM arrival, first PM departure) are in hours of the day. N = 7710 is the
number of drivers with cross-city trips in the heterogeneity analysis sample (Figure 7). Quantiles are computed across

riders.

Quantiles
Covariate Mean SD 10 25 50 75 90
Last AM Arrival Time 9.48 1.24 7.73 8.67 9.76 10.46 10.80
Last AM Arrival Entropy 1.19 0.51 0.64 0.87 1.22 1.56 1.79
First PM Departure Time 17.08 091 16.11 16.43 16.89 17.55 18.30
First PM Departure Entropy 1.60 0.53 0.87 1.33 1.67 1.98 2.23
Public Transit Access 2.97 8.25 1.22 1.87 2.63 3.58 4.75
Home Block Socioeconomic Rank 0.68 0.90 -0.62 0.15 0.81 1.32 1.73
Home Block Population Density 0.01 0.01 0.00 0.00 0.01 0.01 0.02

Appendix Table A3: Summary statistics of Pre-treatment Driver Characteristics
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Appendix Figure A1: Socioeconomic Index Distribution in Sample and in Population
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A.2 Additional Event Studies
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Appendix Figure A2: Fvent studies of dynamic average treatment effects across weeks relative to treatment week.
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Appendix Figure A3: Event studies of dynamic average treatment effects across weeks relative to treatment week.
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Appendix Figure Aj: Event studies of dynamic average treatment effects across weeks relative to treatment week.
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Appendiz Figure A5: Event studies of dynamic average treatment effects on departure times for cross-city trips.

u-th quantile of projected CATE on all_trips:total_price
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Appendiz Figure A6: Estimated quantiles of the distribution of covariate-predicted driver-specific treatment effects, as
well as a 90% uniform confidence band computed according to Chernozhukov et al. (2018). The dashed line with a
downward-pointing arrow attached corresponds to the lower bound of the confidence interval for the largest quantile of
the distribution of A;, and the dashed line with an upward-pointing arrow attached corresponds to the upper bound of
the confidence interval for the smallest quantile of the distribution of A;; if the dashed line with the downward-pointing
arrow attached is above the dashed line with the upward-pointing arrow attached, we can reject the null hypothesis of no
heterogeneity in driver-specific treatment effects predicted by our covariates at the 10% level.
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A.3 Demand Estimation
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Appendiz Figure A7: The estimated distribution of drivers’ Value of Time, i /.

Best modes (median start time) N Share P10 Median P90 Mean
1x BUS 24,319 42.8% 0.39 0.71 1.33 0.83
2x BUS 13,246  23.3% 0.38 0.66 1.10 0.72
Other (mixed walk+bus) 7,953 14.0% 0.40 0.78 1.67  0.98
WALK ONLY 4954  87% 0.28 0.57 138  0.77
3x BUS 4,715 83% 0.38 0.64 1.01 0.67
44+ x BUS 1,136 2.0% 0.39 0.62 0.93 0.64
Has RAIL 543 1.0% 0.36 0.62 0.96 0.66

Appendiz Table Aj: Distribution of imputed driving / best transit duration by best-modes bucket. Snapshot at each trip’s

median start time, one row per trip id.
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A.4 Counterfactual Equilibria

Moments Percentiles
Mean SD P20 P40 P50 P60 P80

All times

Length-weighted 86.5 21.1 740 799 863 89.6 1054

Occupancy-weighted 35.0 38.6 1.7 5.2 8.6 31.1 78.9
Peak

Length-weighted 82.2 253 69.8 780 809 87.3 100.9

Occupancy-weighted 29.0 36.3 1.5 4.2 5.9 109 74.0
Off-peak

Length-weighted 87.6 19.5 764 799 869 89.6 105.2

Occupancy-weighted 43.1  39.8 2.1 9.6 270 69.2 83.7
Leisure (unpriced)

Length-weighted 90.5 16.2 79.7 80.0 89.3 90.0 109.0

Occupancy-weighted 60.4  39.8 46 688 781 84.3 93.1

Appendiz Table A5: Baseline (no-price) equilibrium segment speeds (km/h): mean, SD, and quintiles; highways only (n

= 32,576; peak n = 10,180; off-peak n = 15,270; leisure n = 7,126)

Moments Percentiles
Mean SD P20 P40 P50 P60 P80
Consumer Surplus (NIS/day) 280 77.85 195 548 7.25 9.39 16.73
Trip Probability (%) 323 259 99 185 241 311 538
Trip Duration (mins) 214 19.3 76 129 15.5 19.6 31.5
Trip Distance (km) 15.40 1891 518 809 10.03 12.58 19.63
Trip Speed (km/h) 43.6 159 283 404 45.1 48.1 56.4

Appendiz Table A6: Baseline (no-price) equilibrium trip-level outcomes:
across consumer types (types = 733,802; population mass = 2,770,224)

population-weighted mean, SD, and quintiles

Mean SD Q25  Median Q75
Trip Probability (%) 0.00 0.00 -0.00 0.00 0.00
Distance / Day (km) 0.00 0.00 -0.00 0.00  0.00
Price / Trip (NIS) 6.56  7.65 1.30 4.11 9.06
Duration / Trip (mins) -2.69 522  -3.40 -0.27  0.01
Speed / Trip (km/h) 3.75  6.21 -0.04 0.91 6.52
Raw Consumer Surplus (NIS/day) -1.71 655 -2.16 -0.47  -0.04
Rebated Consumer Surplus (NIS/day) 0.87  6.55 0.41 2.11 2.53

Appendiz Table A7: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the exper-

iment fee schedule with time-shifting choice only (trip probabilities held fized),

pricing.
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Appendiz Figure A8: Average change in equilibrium segment-15-minute interval speeds due to the experiment fee schedule,
by baseline occupancy deciles, with and without the extensive margin (time shifting only).
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Appendiz Figure A9: Distribution of per-driver welfare changes by socioeconomic-status decile under different pricing
schemes.
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Mean SD Q25  Median Q75

Trip Probability (%) -8.88 1594  -13.54 -4.89 -0.45
Distance / Day (km) 191 663  -1.74 041 -0.02
Price / Trip (NIS) 11.75  11.30 4.41 8.68  16.31
Duration / Trip (mins) -4.77 6.97 -6.88 -1.68  -0.08
Speed / Trip (km/h) 816  9.10 0.4 491 1321
Raw Consumer Surplus (NIS/day) -0.93  10.35 -2.24 -0.68  -0.06
Rebated Consumer Surplus (NIS/day) 2.02 10.35 0.72 2.27 2.89
Pareto-Rebated Consumer Surplus (NIS/day) 2.02 9.26 0.82 0.82 0.82

Appendix Table A8: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the welfare-
optimal usage-based (per-km) price schedule (A = 1), relative to the baseline equilibrium with no pricing.

Mean SD Q25  Median Q75

Trip Probability (%) -2.,57  9.63 -0.10 0.02 0.55
Distance / Day (km) -0.52 277 -0.01 0.00 0.07
Price / Trip (NIS) 3.79  8.66 0.00 0.00 0.00
Duration / Trip (mins) -1.10 242 -1.00 -0.15  -0.00
Speed / Trip (km/h) 1.77  4.01 0.03 0.37 1.46
Raw Consumer Surplus (NIS/day) -0.37  3.73  -0.02 0.00 0.12
Rebated Consumer Surplus (NIS/day) 0.48 3.73  0.82 0.85  0.96
Pareto-Rebated Consumer Surplus (NIS/day) 0.48 2.52 0.11 0.11 0.22

Appendiz Table A9: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the welfare-
optimal cordon price schedule (A = 1), relative to the baseline equilibrium with no pricing.

Pricing scheme Avg. revenue Avg. compensation  Avg. remainder rebate = Share of drivers
(NIS/day per capita) (NIS/day per capita) (NIS/day per capita) compensated (%)
Optimal usage-based (A=1) 2.955 2.139 0.816 80.4%
Optimal cordon (A=1) 0.843 0.738 0.106 34.9%
Experiment prices (A=1) 2.044 1.401 0.644 74.2%

Appendixz Table A10: Feasibility of a Pareto-improving lump-sum rebate under A=1 pricing.

Notes. All monetary figures are mass-weighted averages in NIS/day per capita. “Avg. compensation” is the
per-capita revenue needed to hold every losing driver type at its baseline surplus (the mean of per-type losses
max{0, C'S**° — CS°f}). “Avg. remainder rebate” is the equal per-capita rebate of the leftover revenue (average
revenue minus average compensation); it is what every driver receives on top of any compensation. “Share of
drivers compensated” is the population mass with a positive CS loss. Because average revenue exceeds average
compensation in all three schemes, the remainder rebate is positive, so after compensating losers every driver type
is weakly better off than the baseline.

Peak  Off-peak

Metropolis 0.00 0.00
Metro Fringe  0.00 0.00
Periphery 2.34 0.00

Appendiz Table A11: Optimal usage-based price levels with no revenue recycling (A =0).
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Mean SD Q25  Median Q75

Trip Probability (%) 0.02 262 -0.01 0.00 0.05
Distance / Day (km) -0.10 239  -0.00 0.00 0.00
Price / Trip (NIS) 0.20 2.95 0.00 0.00 0.00
Duration / Trip (mins) -0.15 076  -0.04 -0.00 0.00
Speed / Trip (km/h) 018 098 -0.01 0.00  0.08
Raw Consumer Surplus (NIS/day) 0.03 1.03 -0.00 0.00 0.01
Rebated Consumer Surplus (NIS/day) 0.06 1.03  0.03 0.03  0.04
Pareto-Rebated Consumer Surplus (NIS/day) 0.06 0.63 -0.04 -0.04  -0.03

Appendiz Table A12: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the optimal
usage-based (per-km) price schedule (A = 0), relative to the baseline equilibrium with no pricing.

Zone / crossing x time Estimated Homogeneous
Usage-based schedule
Metro Fringe, peak 0.23 0.56
Metro Fringe, off-peak 0.37 0.84
Metropolis, peak 0.11 0.44
Metropolis, off-peak 0.38 0.71
Periphery, peak 0.00 0.70
Periphery, off-peak 0.04 1.13
Cordon schedule
Metro Fringe — Metropolis, peak 0.26 0.58
Metro Fringe — Metropolis, off-peak 0.48 0.77
Metropolis — Metro Fringe, peak 0.23 0.59
Metropolis — Metro Fringe, off-peak 0.37 0.75
Metro Fringe — Periphery, peak 0.00 0.64
Metro Fringe — Periphery, off-peak 0.33 1.11
Periphery — Metro Fringe, peak 0.61 0.76
Periphery — Metro Fringe, off-peak 0.14 0.61

Appendix Table A13: Per-bin first-order revenue recycling thresholds under usage-based and cordon pricing. Bold entries
mark the binding bin whose threshold equals the overall A* for that scheme and demand specification.

(a) Usage-based (b) Cordon-based
Peak  Off-peak Peak  Off-peak
Metropolis 1.15 0.51 Metropolis — Metro Fringe  5.25 3.64
Metro Fringe 0.22 0.05 Metro Fringe — Metropolis  6.42 5.52
Periphery 0.02 0.00 Metro Fringe — Periphery 0.48 0.00
Periphery — Metro Fringe 0.09 0.09

Appendix Table A14: Optimal price levels under homogeneous demand with full revenue recycling (A = 1), for usage-based
and cordon-based pricing. Demand parameters are fized at the population average for all drivers.
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Mean SD Q25  Median Q75

Trip Probability (%) -5.71  8.07  -8.40 -3.27  -0.56
Distance / Day (km) -1.08 270 -1.03 -0.27  -0.04
Price / Trip (NIS) 747 646 2.83 5.68  10.36
Duration / Trip (mins) -3.25  4.82 -4.86 -1.03  -0.05
Speed / Trip (km/h) 533 593 0.25 314 8.83
Raw Consumer Surplus (NIS/day) -1.48 292  -1.61 -0.47  -0.06
Rebated Consumer Surplus (NIS/day) 071 292  0.57 1.71 2.12
Pareto-Rebated Consumer Surplus (NIS/day) 0.71  0.27  0.65 0.65 0.65

Appendiz Table A15: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the usage-
based (per-km) price schedule optimized for homogeneous demand (A = 1), relative to the baseline equilibrium with no
pricing computed under the same homogeneous-demand assumptions.

Mean SD Q25  Median Q75

Trip Probability (%) 151 524 -0.03 0.00 017
Distance / Day (km) -0.26  1.14  -0.00 0.00 0.02
Price / Trip (NIS) 1.92 426 0.00 0.00  0.00
Duration / Trip (mins) -0.49 123 -0.37 -0.05  -0.00
Speed / Trip (km/h) 0.80 201 0.0l 0.15  0.69
Raw Consumer Surplus (NIS/day) -0.36 1.54 -0.00 0.00 0.03
Rebated Consumer Surplus (NIS/day) 0.10 1.54 0.45 0.46 0.49
Pareto-Rebated Consumer Surplus (NIS/day) 0.10 0.18  0.04 0.04  0.07

Appendiz Table A16: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the cordon
price schedule optimized for homogeneous demand (A = 1), relative to the baseline equilibrium with no pricing computed
under the same homogeneous-demand assumptions.

Mean SD Q25  Median Q75

Trip Probability (%) -5.28  5.60 -7.93 -3.86  -1.50
Distance / Day (km) -0.81 086 -1.22 -0.59  -0.23
Price / Trip (NIS) 710 0.00  7.10 710 7.10
Duration / Trip (mins) -2.35 0.11 -2.43 -2.34  -2.27
Speed / Trip (km/h) 499 0.6  4.88 499 511
Raw Consumer Surplus (NIS/day) -0.57  1.31  -0.96 -0.48  -0.21
Rebated Consumer Surplus (NIS/day) 070 1.31 0.31 0.79 1.06
Pareto-Rebated Consumer Surplus (NIS/day) NaN  NaN NA NA NA

Appendiz Table A17: Changes in driver-level trip outcomes and money-metric welfare in the equilibrium under the
welfare-optimal price (A = 1) in the counterfactual with no network heterogeneity, relative to the baseline equilibrium
with no pricing computed under the same no-network-heterogeneity assumptions.
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B Motivating Example Derivations

B.1 Local Welfare Decomposition at a Zero Toll

This appendix derives the local welfare decomposition in Section 2 directly from the welfare objective.
Let

5 (p) =Vi—%D(¢* ) —auip, @ (p)=F(5(p), ¢ ()= ZwiqZ* (p)

Including type weights, the welfare objective is
Zwl (b) + K(a; (0))] + Apq" (p).

Define the money value of time ¢; = ~;/c;. Since ¢} (p) = F(6;(p)), the equilibrium choice probability
solves the individual problem

q; (p) € argmax {xd; (p) + K(x)} .
z€[0,1]

The first-order condition is therefore

6; (p) + K'(¢; (p)) = 0.

Differentiating welfare along the equilibrium path gives

= e |60+ K)o+ i)
+A (q*(p) +pdq;]()p)) .

By the individual first-order condition, the first term inside brackets is zero. Moreover,

doj(p) _ __ dD(¢*(p)) _
dp i dp -

Hence

d(?;A _ _dD(g;(P)) ;wmq;(p) C 1= M) + 30 ®)

At p =0, the final term drops out. Writing

DO)= [D6 0
we obtain aw
TA :—D(O)Zwi(z)i% (0) = (1 = A)g™(0)
p p=0 %
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Finally, since ¢*(0) = >, wiq; (0) and ¢ = Y, w;¢;,
> witigf (0) = ¢*(0)6 + Covus(g; (0), 1).

Substituting this identity gives

dWy
dp

= —D(0)¢*(0)¢ +—D(0)Covu(g;(0),¢s) — (1 — A)g*(0).

average congestion relief sorting gain revenue leakage

p=0

C Causal Effect Estimation Details

C.1 Identification and Estimation of Average Treatment Effects

To estimate the average effects of our congestion pricing scheme on driver behavior over time, we would
ideally take advantage of random variation in the treatment statuses across the drivers in our sample
in each week, e.g. random assignment of a group of drivers to a never-treated group or randomizing
monitoring period lengths across drivers. However, recall from Section 3.1 that Ayalon Highway Co.
designed the study so that drivers entered the study in a staggered fashion over time, and every driver
was eventually treated after being monitored for the same number of weeks. As such, the only variation
in treatment statuses across drivers in any given week of our study is driven by variation across drivers
in recruitment times. Furthermore, the week that each driver entered the study may have depended
on a litany of unobserved factors that could be correlated with potential driving behavior, such as the
spatial recruitment priorities of Pango and Pointer over time and drivers’ idiosyncratic eagernesses to
begin participation in the study once recruited.

To circumvent these challenges, we rely on our repeated observations of drivers’ pre-treatment
behavior across weeks to account for persistent unobserved confounders across drivers and the presence
of monitored drivers in our study each week to account for variation in driving behavior due to
systematic time-varying shocks like COVID-19 prevalence. In particular, we apply the difference-in-
differences framework for treatment effect identification and estimation described in Borusyak et al.
(2021) and Callaway and Sant’Anna (2021). For each driver i in our study sampled from some
superpopulation of Israeli drivers, we let M; denote the length of their monitoring period and let C;
denote driver ¢’s congestion pricing scheme activation week. Fixing some measure of weekly driving
behavior as an outcome of interest, we let Yj;(c) denote driver i’s potential outcome in week ¢ were
the congestion pricing scheme to become active for ¢ in period ¢, we let Y;;(0) denote driver i’s control
potential outcome in week ¢ if the congestion pricing scheme were not active for ¢ by week ¢, and we
let Vi := Y (C;1{C; < t}) denote driver i’s observed outcome in week t. Our estimands of interest
can be expressed as functions of cohort average treatment effects on the treated (CATTS) 7o, namely

the average difference between treatment and control potential outcomes in week ¢ amongst the cohort
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of drivers who were first treated in period ¢ < t:
Tet “— }E[Y;t(C) — Y;t(O) ’ CZ = C].

To identify CATTSs 7., we impose a two-way fixed effects (TWFE) model of control potential

outcomes as in Borusyak et al. (2021):
E[Y;(0) | as] = o + 1,

where «; denote driver-specific fixed effects and ~; denote week effects. The TWFE model implies
the parallel trends assumption, namely that drivers’ average outcomes would evolve in parallel across
weeks in the absence of treatment. Assuming that the number of drivers treated in each week is
non-negligible relative to the large sample size of drivers, our CATTs are identified in a standard
cohort-specific difference-in-differences fashion (Callaway and Sant’Anna, 2021; Borusyak et al., 2021).

To translate the difference-in-differences identification intuition into an estimation strategy that
will also allow us to study treatment effect heterogeneity in Section 4.2, we follow the imputation
approach of Borusyak et al. (2021). We construct consistent estimates 4; of the week effects ; and
asymptotically unbiased estimates ¢&; of the driver fixed effects «; by running the following fixed effects

regression on drivers’ pre-treatment observed outcomes:

N T
(di,’%) = argminz Z H{CZ > t, Cz — Mi 2 t} (th — [Ozi + ’yt])Q . (10)

G =1 =1
Here, N denotes number of drivers in our sample and T < oo denotes the number of weeks in which
we observe drivers’ outcomes (Borusyak et al., 2021). We impute asymptotically unbiased potential
outcomes Yit(O) = &; +4; for each driver ¢ and week ¢ > C;. This allows us to generate individual

treatment effect estimates 7 := Yy — Yj4(0). To construct consistent estimates of CATTs 7., we

average the individual treatment effect estimates across drivers in the same cohort as follows:

N N
fo =Y U{Ci=c}iy [ > 1{Ci=c}.
i=1 i=1

We then aggregate our CATT estimates in different ways to obtain the results in the following

subsections. To generate event studies, we aggregate 7, across cohorts to estimate the average CATT

at e periods post-treatment To: 29
T
7A-e = Z]P)(Cz - C)% (cte)» €=6€, 70a €
c=1

29 As discussed in Callaway and Sant’Anna (2021), there is a trade-off between estimating effects for larger relative time
horizons e and obtaining precise dynamic CATTs. This is because T;(cte) is not estimable for cohorts who are treated
for fewer than ¢ + e weeks. In order to avoid contamination due to compositional differences, we estimate 7. using only
the cohorts of drivers for whom we observe outcomes for at least € = 16 weeks post-treatment.
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We conduct valid inference on dynamic treatment effect paths by constructing 95% simultaneous con-
fidence bands via a weighted bootstrap procedure akin to the one proposed in Callaway and Sant’ Anna
(2021) with Dirichlet weights (Shao and Tu, 2012). To obtain average treatment effect estimates across
time, we aggregate 7, over the fourth through 16th weeks relative to treatment:>0 7 := % 2214 Te-

We discuss inference for 7 in Section 4.1.

C.2 Characterizing Treatment Effect Heterogeneity via Sorted Effects

The control potential outcome model used to identify treatment effects in Section 4.1 allows for con-
structing noisy estimates of treatment effects at the driver level. Using this variation across drivers, we
can test for treatment effect heterogeneity that can be attributed to differences in driver characteristics.
To do this, we follow the Sorted Effects method developed in Chernozhukov et al. (2018).

For each outcome of interest, we construct asymptotically unbiased estimates 7;; of each driver i’s
individual treatment effect 7;; := Y34 (C;)—Yi(0) in week ¢t > C; as discussed at the end of Appendix C.1.
We then consider within-driver averages of 7;; across weeks t = 4,...,16, analogous to our average
treatment effects in Section 4.1. To test for evidence of statistically significant heterogeneity, we
apply the following procedure. First, we project averages of 7;; onto a linear combination of rich
driver characteristics X;. This yields predicted driver-specific treatment effect estimates A, and their

population analogues A;:3!

N -1 N T
. 1 . —
Ai = X,L ( E XzXZ,) E XZ . 712 E Ti(Ci—i—e)a Al = X@]E[X,LXZ/] IE
=1 =1 e=1

1 X
Xi - ' ZTi(Ci+e)] :
e=1

To assess whether the characteristics X; predict heterogeneous effects across drivers, we test
whether the distribution of A; is non-degenerate. We estimate the distribution of A; along a fine
grid of quantiles {QAi () }ue[0.05,0.06,...,0.95) of the distribution of A, across drivers, and construct 90%
uniform confidence bands using a Bayesian bootstrap of the entire estimation procedure from the
fixed effects regression (10) through the projection to compute A; (Chernozhukov et al., 2018). We
plot the results of this procedure when the outcome of interest is a driver’s total weekly price paid
in Appendix Figure A6 in Appendix A.2. Since the uniform confidence band does not contain any

horizontal lines,3?

we can reject the null hypothesis that all quantiles of the distribution of A; are the
same. As such, we can conclude that there is substantial treatment effect heterogeneity that can be
attributed to driver covariates. Analogous results for each of our main outcomes are presented in the
online appendix.

We next turn to characterizing the dimensions along which drivers with strong treatment effects

30 As we show in Section 4.1, our event study results suggest that participants adjusted their behavioral responses in
the first few weeks after activation. In order to focus on the longer-running effects, we exclude the first four weeks in
computing aggregate ATTs.

31We let X; be a fully-interacted quadratic basis for our covariates of interest.

32We can see that no horizontal lines pass through the uniform confidence band since the dashed line in Appendix
Figure A6 corresponding to the upper bound of the confidence interval for smallest quantile Qa ,(0.05) of the distribution
of A; is below the dashed line corresponding to the lower bound of the confidence interval for the largest quantile
Qa, (0.95) of the distribution of A;.
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differ from those with weak treatment effects. To do so using the Sorted Effects framework, we apply
the following procedure. For each outcome of interest, we estimate the vector u of differences in average
characteristics between the 20% of drivers with the weakest (e.g. least negative) covariate-predicted
treatment effects and the 20% of drivers with strongest (e.g. most negative) covariate-predicted

treatment effects:

For each figure in this section, we plot our estimates of the covariate differences u across different
outcomes and families of covariate characteristics. In each case, we normalize each covariate difference
by the population standard deviation of that covariate to be able to compare differences across charac-
teristics with different units. In addition to each point estimate denoted by a dot, we again use thick
lines to denote independent confidence intervals (uncorrected for multiple testing problems) computed
via a Bayesian bootstrap of the entire estimation procedure. We use thin lines to denote Bayesian
bootstrap-based confidence intervals that control the FWER within each plot at 10% (Romano et al.,
2010). A gray color for a point estimate and its corresponding confidence intervals indicates that
the stepdown procedure developed in Romano and Wolf (2005) cannot reject the null hypothesis of
zero difference while controlling per-plot FWER at 10%. A green (resp., red) color indicates that
the drivers with the 20% strongest treatment effects had a significantly higher (resp., lower) average

covariate than the drivers with

D Habitual Trip Panel Construction

This appendix describes how we construct the panel used to estimate the demand model in Section 6.1.
For each driver, the panel contains potential and realized trips over time, together with their durations,

prices, and public transit alternatives across potential departure times each day.

D.1 Defining Habitual Trips

As introduced in Section 3.3 and discussed in Section 6.1, we estimate demand for recurring habitual
trips, such as commutes to and from work, rather than one-off trips such as infrequent medical visits.

We begin with 23.4 million travel records and retain trips that occur in the afternoon or evening
(2:30 PM to 11 PM), on weekdays (Sunday through Thursday in Israel), and on days without a
COVID-19 lockdown. We also require the origin and destination to lie in different TAZs. We then
define effective origin—destination pairs: for trips shorter than 9.66 kilometers, an origin—destination
pair consists of the exact pair of trip endpoint TAZs present in the data. For longer trips, we cluster
neighboring TAZs at each endpoint to accommodate small spatial differences, such as variation in
parking locations.

We then identify habitual trips in the filtered data using the following algorithm:
1. Bin trips by driver and origin—destination pair.

2. Move an eight-week rolling window through the sample one week at a time. For each bin observed

in the window:

62



(a) Define reference medians for distance and start time within the window. If the bin formed

a habitual trip in an earlier window, retain the existing medians.

(b) Classify a trip as close when its distance differs from the reference median by less than 30%

and its start time differs from the reference median by less than one hour.

(c¢) If more than two of the eight weeks in the current window contain at least one close trip,

assign the habitual-trip label to qualifying trips or extend an existing label.

3. After assigning labels, discretize typical start times into 15-minute bins.

We restrict the resulting sample to habitual trips observed through the end of June 2021 whose
median start time falls between 3 PM and 8 PM on non-lockdown days. The demand-estimation
sample contains 68,562 habitual trips, corresponding to 521,646 realized trips. It covers 7,350 of the
10,119 individuals with at least one evening habitual trip.

Given these habitual trips, we construct our panel of opportunities to depart on these consistent
trips as follows. For each week in which a habitual trip is active and each weekday (Sunday through
Thursday), we define nine potential departure times: the habitual trip’s median departure time and
four earlier and four later times in 15-minute increments. We label options observed in the raw data
as ‘“realized”; the remaining options represent departure times the driver could have chosen. The
demand model uses this variation to estimate preferences over departure times, trip durations, and
trip prices.

We next impute a route for each habitual trip. In the raw data, we only observe a subset of the

33 We therefore reconstruct a complete sequence of

TAZs that a driver traverses during their trip.
road segments on the OpenStreetMap (OSM) network introduced in Section 3.2 that are consistent
with the observed TAZ sequence. These routes allow us to estimate the duration and price a driver
would face at different departure times in Appendix D.3 and to identify the road segments used in the
counterfactuals; see Appendix F.2.

The route-imputation procedure uses dynamic programming to find the globally fastest feasible
path consistent with the observed sequence of TAZs. Let (O, I, I, ..., In, D) denote a route-finding
problem, where O and D are the origin and destination and I, ..., Iny are the observed intermediate
TAZs. A feasible route must traverse the intermediate TAZs in the observed order.

First, the algorithm precomputes the fastest paths between entry nodes of TAZs that can occupy
adjacent positions in the sequence. An entry node is an OSM node on the boundary of a TAZ.
The algorithm stores the resulting paths and travel times for reuse across route-finding problems. To
accommodate repeated TAZs in the observed sequence, the algorithm partitions the sequence into con-
secutive subsequences containing no duplicate TAZs. Within each subsequence, it constructs a graph
whose edges represent the precomputed fastest paths between entry nodes of adjacent constraints,
with edge weights equal to travel times. It then computes the shortest path from the origin, or from
each feasible entry node of the preceding subsequence, to every entry node of the final TAZ in the

current subsequence. These shortest-path results are carried forward to the next subsequence. The

33For privacy reasons, we observe a TAZ visited during a trip only when the driver crosses a spatial or temporal
pricing-zone boundary.
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algorithm repeats this procedure until it reaches the destination. The resulting route minimizes total

travel time among paths that traverse the observed intermediate TAZs in the required order.

D.2 Constructing Segment-Level Bus Speeds

To predict potential trip durations at different departure times, we construct bus-speed estimates for
every OpenStreetMap (OSM) road segment, 15-minute time bin, and day in the sample. The resulting
panel covers approximately 2.3 billion road-kilometer—15-minute cells over the full day, including 0.6
billion cells between 3 PM and 9 PM. We construct the panel in three stages: we match official bus
routes to the OSM network, estimate speeds directly from bus GPS pings, and impute speeds for
segment—time cells without direct bus coverage.

The construction combines three inputs. First, we observe 1.4 billion GPS pings from 925 bus
lines, including each bus’s location, timestamp, and trip identifier. Second, we use official transit-
route shape files from the Israeli National Authority for Public Transport (NAPT). Third, we use the
2021 OSM road network for Israel. Appendix Figure D1 shows the number of active bus lines observed
each day.

Appendix Figure D1: Active bus lines observed by date
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Route matching. Because the official route shapes are not defined on the OSM network, we first
map each bus route to an ordered path on the OSM road graph. Geometric intersections alone are
unreliable: they can include nearby roads incorrectly, handle loops poorly, and confuse the direction of
travel. We therefore shorten candidate OSM segments at both endpoints to reduce spurious matches
with nearby intersecting roads. We then retain segments whose direction agrees with the direction
implied by the route shape and connect the matched segments using shortest-path queries on the local

OSM graph. This procedure produces an ordered, directed OSM route for each bus line.

Direct speed estimation. We next use consecutive GPS pings to infer bus movement along the
OSM segments between them. For each pair of pings, we calculate predicted free-flow travel time from
the speed limits of the intervening segments and define a travel-time factor as realized travel time
divided by predicted free-flow travel time. This common factor accommodates differences in speed

limits across the intervening segments. For each traversed OSM edge, we obtain the implied bus speed
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by dividing the edge’s speed limit by the travel-time factor. If a segment has multiple observations
within a 15-minute bin, we average them using the share of the segment traversed as weights. This

procedure yields direct speed estimates for many segment—time cells, but coverage remains incomplete.

Coverage. Appendix Figure D2 shows the daily share of road-network kilometer-hours covered by
direct bus-speed estimates. Coverage ranges from 7% to 14% across the full Israeli road network. Cov-
erage is substantially higher on major highways during the period of interest, reaching approximately

60% in Appendix Figure D3. Appendix Figure D4 shows the geographic distribution of this coverage.

Appendix Figure D2: Road-network kilometer-hour coverage: all roads, full day
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Appendix Figure Dj: Median hours of daily coverage: major roads, 6 AM-10 PM
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Imputing missing speeds. Because the direct estimates cover only a subset of segment—time cells,
we impute the remaining speeds using a sequence of fixed-effects regressions estimated separately for
each calendar day.

Let y,+ denote bus speed in kilometers per hour on road segment r during 15-minute time bin ¢.
For each day, we construct the complete segment-by-time-bin panel. In directly observed cells, bus
speed equals the segment’s speed limit divided by the estimated travel-time factor. The remaining
cells initially contain missing values.

Each segment r has two time-invariant attributes from the OSM road network:
e z2(r) denotes the segment’s pricing zone: Metropolis, Metropolitan fringe, or Periphery.

e /(r) denotes the segment’s OSM road type, given by its highway tag, such as motorway, trunk,

primary, secondary, or residential.
We estimate a sequence of fixed-effects regressions of the form
Yrt = W+ Ept,

where p is the sum of the fixed effects in a given specification. At each step, we estimate the regression

using all currently nonmissing observations. We then sum the estimated fixed effects to predict y,, for
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missing cells whose fixed-effect levels were observed in estimation. The next specification is applied to

cells that remain missing.

We apply the following eleven specifications in order:

10.

11.

- &+ auryxe(ryxe - @ segment fixed effect and a zone-by-road-type-by-time-bin interaction. This

specification combines each segment’s permanent speed level with the time-varying congestion

pattern for its zone-by-road-type group.

- &+ ay)xe + asegment fixed effect and a road-type-by-time-bin interaction, omitting zone from

the time-varying component.

- &+ ()t - @ segment fixed effect and a zone-by-time-bin interaction, omitting road type from

the time-varying component.

. & 4+ oy a segment fixed effect and a time-bin fixed effect. The time-varying component is

common across zones and road types.

. &1 a segment fixed effect only, which assigns each remaining cell the segment’s average daily

speed without time variation.

- Qu(ryxe(r)xt - zone-by-road-type-by-time-bin interaction without a segment fixed effect. This

specification fills segments not previously observed that day using the average speed of the same

road type, zone, and time bin.

Qy(r)x¢ : a road-type-by-time-bin interaction only.

- Q(ryxe(r) @ zone-by-road-type interaction without time variation, which assigns remaining cells

an average based on location and road class.

. ay(p : a road-type fixed effect only.

a(ry: a zone fixed effect only.

ay: a time-bin fixed effect only, which assigns the network-wide average speed for each time of

day.

We assign the overall daily mean speed to any cells that remain missing after all eleven steps.

Finally, we winsorize imputed speeds to the interval [5,140] km/h.

The first five specifications include the segment fixed effect £, and therefore use segment-specific

information whenever it is available. Within this group, the o terms become progressively coarser:

they first omit either zone or road type and then omit time variation. Specifications 6-11 exclude the

segment fixed effect and rely on group averages, allowing us to impute speeds for segments without

any same-day observations. The ordering gives priority to the most granular available information.

Appendix Figure D5 illustrates the resulting imputed speeds on major roads at one point in time.
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Appendiz Figure D5: Imputed bus speeds on magor roads in the Tel Aviv area, March 4, 2021 (km/h)

Mean bus velocity (km/h)
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D.3 Imputing Potential Trip Durations and Prices

For each potential trip and departure date and time, we impute duration and price. Each potential

trip inherits a fixed OSM-node-level route from its habitual-trip bin. We combine this route with the

segment-level bus speeds constructed in Appendix D.2. Duration imputation proceeds in two stages:

a mechanical traversal model followed by a regression calibration.

Segments in the operator data need not align with pricing-zone boundaries. Before imputation,

we therefore collapse realized trip segments so that a new segment begins only when the pricing zone

changes among the Metropolis, Metropolitan fringe, and Periphery. We sum distance, duration, and

price within each collapsed segment and identify the segment by its origin and destination TAZs. We

then split the OSM route at the entry edge of each new TAZ and assign a subroute to each collapsed

segment.

For each trip—date pair, the algorithm traverses the OSM route edge by edge:

1.

Decompose the route into consecutive node pairs (uj,v;) and obtain the physical length ¢; of

each edge from the road network.

. Scale the edge lengths so that the total path length equals the trip’s reported distance d:

. d
=1 S 0

. For each edge, load the imputed bus speed constructed in Appendix D.2, matched by date, edge

(u,v), and 15-minute time bin b. Convert the speed from kilometers per hour to meters per
second and denote the result by s;;. We set the bus-to-car speed multiplier to 1, so the imputed

bus speed serves as the estimated car speed.

. Traverse edge j at speed s;p, ylelding traversal time 7; = £; /s;p. Cumulative traversal time

advances the clock. If edge j crosses a time-bin boundary, split the edge proportionally: apply
the current bin’s speed to the portion before the boundary and the next bin’s speed to the

remainder. Repeat this process until all edges have been assigned consistently.

. Sum traversal times across edges: Test = i Ti
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Because location- and trip-specific factors affect the relationship between bus-speed-based estimates
and realized driving times, we calibrate the mechanical estimate using a regression on realized trips.
For each realized trip with an imputed route, we first compute T.s at the collapsed-segment level

using the segment’s realized start time and bus speeds on the trip date. We then estimate
log(realized _durationg;) = ( - log(estimated _durationg;) + &5 + Xp, + Esi

where s indexes collapsed TAZ-to-TAZ segments, i indexes trips, and b; denotes the habitual-trip
bin for trip ¢. The terms & and X3, are segment and trip-bin fixed effects, respectively. We pool
segments and bins observed only once into common groups, so that § = —1 or b = —1 for these
singletons.

For each potential trip, whether realized or counterfactual, we exponentiate the fitted value from

this regression to obtain the imputed duration:
Timp = eXp(B : 1Og(Test) + éis" + )25)

This transformation calibrates the mechanical travel time multiplicatively.
We compute prices by traversing the same scaled route and accumulating the product of distance

and a per-meter tariff that varies with clock time, pricing zone, and the driver’s vehicle pollution level.

Appendix Table D1: Pricing periods

Period Clock hours

Peak 6:45-9:30, 15:30-18:30
Moderate 9:30-15:30, 18:30-20:00
Low 20:00-6:45 (plus weekends & holidays)

Appendiz Table D2: Per-kilometer tariff (NIS/km)

Period Vehicle pollution Metropolis Met. fringe Periphery

High 1.6 0.4 0
Peak Medium 1.5 0.3 0
Low 1.4 0.2 0
High 0.2 0 0
Moderate Medium 0.1 0 0
Low 0 0 0
Low All 0 0 0

As in the duration imputation, the algorithm traverses the route edge by edge. At each edge, it

uses the collapsed segment’s pricing zone, defined by the segment’s origin TAZ, determines the pricing
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period from the current clock time, and accumulates

*
Pj =Tzhw- gj)

where 7 5, ,, is the per-meter rate for zone z, period h, and vehicle pollution level v, and 6; is the scaled
edge length. If an edge crosses a time-bin boundary, we split the edge and apply the relevant rate to
each portion.

We cap the total price at 25 NIS per trip.

For trips with multiple collapsed segments, we advance the start time of each subsequent segment
by the cumulative imputed duration of the preceding segments. The pricing period for later segments
therefore depends on the regression-calibrated duration of earlier segments. Within each collapsed
segment, clock time advances as the trip traverses successive OSM edges, allowing the pricing period

to change before the segment ends.

Imputation accuracy on realized trips We assess imputation accuracy using potential-trip ob-
servations that are both realized and successfully imputed.

For each outcome, we report the ratio of the modeled value to the realized value; a ratio of 1
indicates equality. Estimated duration denotes the output of the bus-speed traversal model before
regression calibration, whereas imputed duration denotes the output after the fixed-effects regression
in logs. The route-length ratio compares the assigned OSM path, scaled to match trip distance, with
realized trip distance.

The mechanical duration model systematically understates realized duration: the median ratio
of estimated to realized duration is 0.72. The regression-calibrated imputed duration is substantially
closer to the realized duration, with a median ratio of 1.00. Thus, although the pre- and post-regression
measures use the same route and bus speeds, the regression calibration removes the mechanical esti-
mate’s systematic understatement at the median.

The ratio of route length to realized distance is centered near 1. The median imputed-to-realized
price ratio is 1.00, with 25th and 75th percentiles of 0.93 and 1.03.

Together, these comparisons show that imputed distances and prices match realized outcomes
well near the center of the distribution and that the duration regression corrects a systematically low

mechanical travel-time estimate.
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Appendixz Figure D6: Ratios of imputed to realized trip characteristics
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Estimating fuel costs for trips. For each potential trip in the demand panel, we construct ex-
pected fuel expenditure from the imputed route length.

We use the Israeli government’s monthly maximum retail gasoline prices, measured in NIS per liter
and inclusive of taxes. These taxes include a 17% value-added tax and an excise tax of approximately
2.6-3.1 NIS per liter during the study period. Appendix Figure D7 plots the resulting gasoline-price
series.

We assume homogeneous fuel consumption across trips at an average intensity of 7.9 liters per 100
km, consistent with average fuel-consumption estimates used in external sources.*

For potential trip ¢ on date ¢, let route_length,, denote the imputed route length in kilometers. We
compute fuel cost as

fuel_cost;; = route_length;;, x £ x Pm(t)>

where ¢ = 0.079 liters per kilometer and Pm(t) is the gasoline price in NIS per liter in month m(t).

D.4 Duration Instrument Construction
We instrument for travel duration using rainfall intensity along each potential trip’s route. This section

describes the rainfall data and the construction of the trip-level instrument.

Rainfall data. We use rainfall measured at 10-minute intervals by 84 Israel Meteorological Service

(IMS) weather stations. Appendix Figure D8 shows their locations.

3%For example, see the Global Fuel Economy Initiative: https://www.globalfueleconomy.org/news/
event-showcases-argentina-s-new-comparative-vehicle-efficiency-label-and-electric-shift.
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Appendiz Figure D7: Israeli gasoline prices (NIS per liter, taz-inclusive)
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Appendixz Figure D8: Locations of weather stations
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The weather data cover the sample period from January 2020 through July 2021. Recorded daily
rainfall equals 0 mm in approximately 82% of station-day observations. Appendix Figure D9 reports

the median and selected quantiles of daily rainfall across stations during rainy periods in the sample.
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Appendix Figure D9: Cross-station daily rainfall
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IV construction. We begin with the imputed sequence of TAZ polygons traversed by each potential
trip. For each TAZ and departure time, we match the nearest weather station with nonmissing rainfall
data. If rainfall is missing at all three nearest stations, we set the instrument to missing.

For each TAZ along the route, we then compute cumulative precipitation at the matched station
from 1 PM through the trip’s departure time.

We define trip-level exposure to afternoon rainfall as the distance-weighted average of cumulative

precipitation across the TAZs traversed by the route:

Zreroute wy - taz.rain,

ZrEroute Wy

trip_iv = ,

where w, is the estimated distance traveled within TAZ r, and taz_rain, is cumulative precipitation
from 1 PM through the trip’s departure time at the station matched to TAZ r. Appendix Figure D10

shows the daily cross-sectional distribution of the resulting instrument.
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Appendiz Figure D10: Daily cross-section of trip IV values
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D.5 Public Transit Alternatives for Habitual Trips

For each origin—destination pair and relevant departure time in the habitual-trip sample, we construct
a feasible public transit itinerary, its expected travel time, and its modal composition. We construct
these alternatives with OpenTripPlanner (OTP), an open-source routing engine for multimodal travel

itineraries.

Input data and OTP version. OTP requires an origin coordinate, a destination coordinate, and
a desired departure time. For each potential trip, we assign the centroids of the origin and destination
TAZs as coordinates. We query the habitual trip’s median departure time on February 21, 2021,
a date near the midpoint of the sample that reflects stable post-COVID-19 transit service. We use
OTP version 2.1.0 for routing.®® The routing graph combines a January 2021 OpenStreetMap extract
for the road and pedestrian network with the Israeli Ministry of Transport’s February 2021 General
Transit Feed Specification (GTFS) schedule for the public transit network.

OTP may return multiple candidate itineraries for a single origin—destination—time query. For
each successful query, we select the valid itinerary with the shortest total duration, rather than the
first itinerary returned or the itinerary with the earliest arrival time. Alternative selection rules may

therefore choose different itineraries for some queries.

Travel-time components. We decompose the selected itinerary into walking time, waiting time,
in-vehicle transit time, and total duration. Total duration runs from the itinerary’s start time to its
end time. Walking time sums the access, transfer, and egress walking legs, while transit time sums all
in-vehicle public transit legs. Where applicable, we use the timing information returned by OTP to

compute waiting time as the residual between total duration and the other components.

35See the OTP 2.1.0 documentation: https://docs.opentripplanner.org/en/v2.1.0/.
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Mode classification. We classify each selected itinerary by the modes used in its transit legs, as
reported in the OTP response. From these fields, we construct indicators for bus-only, rail-including,
and walk-only itineraries.

For train itineraries, the final fare combines the matched train fare and the bus fare, subject to the
applicable fare cap. We calculate the fare cap for train-including itineraries from air distance km.
For itineraries without a train leg, we leave the train-fare fields missing or set them to zero. The Israeli

pricing system applies different fare caps to train and non-train trips.

Final table construction and quality checks. We process the OTP outputs in separate blocks
and append them into a single table. Before appending the blocks, we align their columns to avoid
conflicts in data types or missing columns.

During construction, we compare the numbers of successful and unsuccessful OTP queries, identify
successful itineraries with missing final fares, check for duplicate trip_id—time_option_index rows,

validate train-station coverage, and export route mismatches from the train-station rerun.

Interpretation and limitations. The constructed variables describe scheduled public transit al-
ternatives rather than realized travel outcomes. OTP computes routes from the scheduled GTFS
timetable and the road and pedestrian network encoded in OpenStreetMap. The alternatives therefore
capture service scheduled at the queried place and time, subject to the routing engine’s assumptions
and without real-time information.

This design has three limitations. First, routing results depend on the quality and completeness of
the GTFS feed and OpenStreetMap network. Second, scheduled service omits real-time disruptions,
delays, cancellations, and crowding, all of which may affect the relative attractiveness of bus and train
options. Third, OTP’s routing graph determines walking-access and transfer assumptions and may

not capture every pedestrian constraint.

D.6 Modeling the Counterfactual Tel Aviv Metro

To model the planned Tel Aviv metro system, we construct a second OTP network that adds the
planned metro service to the baseline network. Comparing the two networks identifies trips for which
the metro changes the fastest public transit route, total travel time, or modal composition.

We construct the metro network by merging the baseline February 2021 GTFS feed with the
planned metro GTFS feed. The merged feed preserves the baseline public transit network and adds
metro routes, stops, stop times, trips, calendars, and fare information. We adjust the metro calendar
so that the added service operates during the query period used for the baseline OTP runs.

We construct the metro GTFS from version 0.33 of the national transportation model maintained
by Netivei Israel.?¢ The model contains forecasts for transportation services that do not yet exist but
are expected to operate in the future, including the metro system.

After merging the GTFS feeds, we rebuild the OTP graph using the same OpenStreetMap extract

and OTP version as in the baseline procedure. The addition of metro service to the public transit

36 A complete explanation, available only in Hebrew, is provided at https://tinyurl.com/3sjuc7kv.
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schedule is therefore the only difference between the routing environments. We query the metro OTP
server using the same origin—destination—-time rows as in the baseline construction.

The metro and baseline runs also use the same itinerary-selection rule: for each query, we select
the valid itinerary with the shortest total duration.

The metro version retains the baseline output variables and adds indicators for whether the selected

itinerary includes a metro leg, based on the modes and route identifiers returned by OTP.3”

E Demand Estimation Details

In this appendix, we describe the procedure used to estimate the trip-demand model in Section 6.1.
The estimator combines the panel likelihood of drivers’ repeated departure-time choices for their
habitual trips with an IV-GMM penalty on market-level mean utility, following the logic of Grieco
et al. (2025). We first define the likelihood and the market-level decomposition, then describe the

simulated-likelihood estimation and inference algorithms.

E.1 Estimator

For each potential trip departure time (i,/,t), collect expected duration Dm, price Hgt, and the

driving-to-public-transit-time ratio R; in

Dy

Tigg = | Pt
R;

We parameterize the driver-specific coefficient vector as

Y( X, vi) Yo
,B(XZ',VZ') = a(Xi,Vi) = | ag | +1LX; + Ly;, v; NN(O,Ig). (11)
p(Xi, i) Po
——
Bo

Here, v, a, and p are the coefficients on duration, price, and the public-transit ratio. The vector X;
contains standardized socio-economic status and population density for the driver’s home neighbor-
hood. The matrix II contains their interactions with the three trip characteristics, and ¥ = LL' is
a general 3 x 3 random-coefficient covariance matrix parameterized by the lower-triangular Cholesky

factor L. For the optimization below, it is convenient to collect all fixed coefficients in

b= < Po ) .
vec(II)

3"Because OTP returns a finite set of candidate itineraries and applies its own routing heuristics, the metro version
need not weakly dominate the baseline version for every query. We therefore retain both sets of outputs and interpret
their comparison as a scenario analysis of how metro service changes the constructed public transit alternatives.
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We estimate the model using a nested objective that jointly optimizes the market-level utilities

and fixed coeflicients for each candidate value of L:
L € argmin Q(L),
L

Q(L) = H(sl’ibn L(0,b, L), (12)

N
1 1
L£0.b,L) =~ ;logpxé, b, L) + 37 P(3: Bo)-
1=
The vector § collects market-by-departure-time mean utilities, p;(d,b, L) is driver i’s panel marginal
likelihood of their sequence of trip departure choices after integrating over unobserved heterogeneity
v, and P(6, 5p) is the IV-GMM penalty, all defined below. At the solution, (5 , 13) are the minimizers

of the inner problem evaluated at L.

Market-level utility decomposition. For each market-period (m,t), define

where D,,,; and R, average bm and R; across the trip opportunities in market-period (m,t). The
zero in the price position is a modeling restriction: market-mean price does not enter mean utility.
We instead identify the price coefficient from the experimental price variation within drivers’ panels.

Market-level utility decomposes as

> —/
th = 5mt - $mtﬁO-

The residual V,, captures scheduling preferences and other unobserved determinants of demand for
departing in period ¢ in market m.

Stacking T/,, as the rows of X gives V=5-— X By. We construct a more powerful instrument for
market-mean duration following the partially linear optimal-instrument approach of Chen et al. (2021).
Within each departure-time option, we use random forests to approximate the required conditional
expectations, using out-of-bag predictions to limit overfitting (Athey et al., 2019). The excluded
predictor is the route-level afternoon-rainfall measure described in Appendix D, while the market-
mean transit ratio enters the prediction linearly as an exogenous characteristic. We collect resulting
optimal duration instrument and the market-mean transit ratio, which serves as its own instrument,
into the matrix Z whose rows correspond to market-periods. Define the instrument projection matrix
Py = Z(Z'Z)~'Z'; then the market-level decomposition induces the IV-GMM penalty

P(5, Bo) = (0 — XBo) Pz(5 — Xpo) = LV'P,V. (14)
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Thus, the penalty disciplines the mean duration and transit-ratio coefficients through market-level

moments, while the price column of X is zero by construction.

Driver-specific marginal likelihood. Conditional on a draw of v, write the systematic utility of

departure time ¢t on date £ as

ig(8,b, L,v) = 0o + B0 (Tiet — Tn(ioyt)

(15)
+ (B(Xs,v) — Bo) wier,

with outside-option utility normalized to uiso = 0. Substituting (13) into (15) yields the equivalent
representation
ier (0,0, L, v) = Vi oy + B(Xi, 1) igy.

The corresponding conditional choice probabilities are

exp(uiet (6,0, L, v))
1+ 3 yer; exp(uier (6,6, L,v))’

siet(0,b, L, v) ==

with outside-option probability

Sifoo((sy ba L7 1/) =1- Z Sift((sv b7 L7 V)'
teT;

Let Yipoo = 1 — Zteﬂ Yo+ indicate that driver i chose the outside option on date ¢. The driver’s

marginal likelihood contribution is

pi(8,b,L) := / TT [T siee(6,0. L, )Y - s300(8,b, L, v) ¥ | h3(v) do, (16)

Lel; |teT;

where ¢3 is the standard trivariate normal density. Integrating a common v; over the entire sequence
of choices preserves the panel structure: repeated choices by the same driver update the likelihood of

that driver’s duration, price, and transit-ratio tastes jointly.

E.2 Simulated Likelihood and Optimization

Since the integral in (16) has no closed form, we evaluate it using a numerically convenient importance
sampling algorithm, and we optimize the objective function using a nested procedure that jointly

estimates (6,b) for each candidate random-coefficient Cholesky factor L.

Importance sampling for likelihood evaluation. For a given driver, the integrand is the prior
density over tastes multiplied by the likelihood of the driver’s entire panel of choices. Because the
panel likelihood multiplies many date-level probabilities, values of v that fit the observed sequence
even modestly better receive much more weight than values that fit it poorly. The integrand therefore

becomes sharply concentrated once a driver contributes many repeated choices. Drawing directly from
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the diffuse standard-normal distribution ¢35 would yield simulation draws mostly in regions where the
integrand is effectively zero, causing numerical instability.

Instead, we use an importance sampling procedure with driver-specific proposal distributions that
concentrates draws near the posterior mass of v given each driver’s observed choices. For fixed (0, b, L),

define driver i’s conditional log-likelihood as
Ez(y) = Z Zyviﬂt log Sz’ﬁt((sa b,L,I/) + Yitoo log Siﬁoo((sv b,L,l/) . (17)
leLl; |teT;

The integrand in (16) is proportional to
exp(Gi(v) — 3lIvI1%)

which is the posterior kernel for v; up to a normalizing constant (see Revelt and Train (2000) and
Chapter 11 in Train (2009)). We use a Laplace approximation to this posterior distribution as our
importance-sampling proposal, which is most accurate when the posterior is unimodal and concen-
trated (precisely when numerical instability is most likely to occur).

Specifically, let 7; denote the posterior mode,
v = arginax [6i(v) — %||V||2] . (18)
A second-order expansion around 7; gives
Gi(w) = 3IWIP ~ (i) = 5110il1% = $(v — 23) Hi(v — y),

so the posterior is locally Gaussian with mean 7; and covariance H,~ ! (see Chapter 11 in Train (2009)).
The posterior mode and Hessian are inexpensive to compute via Newton’s method and separable across

drivers. At each Newton step, the posterior gradient and negative Hessian are

/8&‘
V. [60) — 3P) = 5
,82&'(1/) (19)
Hiv) = I = L5250 L,

where 3; = Gp +11X; + Lv. At the mode, write

()

for its Cholesky factorization.
Given these Normal approximation parameterizations for the driver-specific posteriors, we draw

common base vectors {2}, from A(0, I3) and form the driver-specific proposal draws

Vip = D + Ul-_lzr, r=1,...,R. (20)
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Each draw receives log importance weight (computed in logs for numerical stability with small weights)
log wiy = £;i(viy) — &||vir||* + log | det U+ 212 (21)

The first two terms give the log of the unnormalized posterior density at the draw; the final two divide
by the Gaussian proposal density induced by (20). The normalized weights are

0y = OPllogwir) (22)

S E_ | exp(log wi,)

We approximate driver i’s log marginal likelihood by

R
log pi = log (Z ebgw“) —log R, (23)
r=1

which we evaluate using the log-sum-exp transformation.

Computing gradients. Within an optimization iteration, we hold the proposal draws (20) fixed
and recompute their weights (22) at every candidate parameter value. Differentiating (23) then gives

the posterior-average-score identity

R
log p; l;
Ologp Eaira (24)
r=1

_ i (Vir)

0 — 0
for any parameter ¢ entering ;e (9, b, L, ). This identity converts each simulated-likelihood gradient
into a posterior-weighted average of conditional logit scores.

For 6,,:, the draw-specific score is

l;
a(%(y) = Y [ su(8b,Lw)].
M beLiim(if)=m
Consequently,
R
86mt - Z Z Qir [}/ift - Siét((s, b, L, Vir)] .

LeLi:m(i,l)=m r=1

The objective gradient with respect to the market-level utilities is therefore

N
1 1 .
=—— E logp; + —PzV. 2
VsL N - Vslogp; + N 7V (25)

To write the gradient for b compactly, define the utility derivative

Z; 7fmi
] -

Xi @ xip
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where the first three entries correspond to Sy and the remaining entries correspond to vec(II). Then

) R
dlo 5
aip =Y 3 ai Yie — sian(,b, L, vir)] g (27)

Lel;teT; r=1

Let Sg be the matrix that selects 8y from b, so that Sy = Sgb. Since the penalty depends on b only
through gy, its fixed-coefficient gradient is —SEY,PZV. Combining the likelihood and penalty terms
gives
1 & 1
_ s oY p Y
Vil = Z} Vylogpi — -S5X PzV. (28)
1=
Because the price column of X is zero, the penalty component of the price-coefficient score is zero. The
same is true for the demographic interactions, which enter individual utility but not the market-level
decomposition.
Finally, changing Ly, shifts the coefficient on characteristic £ in the direction v;.4. The corre-

sponding likelihood gradient is

R

0 log p;

aLgpz = E @iy § § Yier — 5i0¢(6,b, L, vir)| Tigr kVirq (29)
kq r=1  leLl;teT;

for the free lower-triangular elements of L. Since the penalty does not depend directly on L, the outer
gradient is the negative average of these likelihood scores evaluated at the inner solution. By the

envelope theorem,
vvech(L) Q(L) = vVech(L)E((S, b, L) |(6,b):((§(L),B(L)) : (30)

Optimization algorithm. We compute the estimator with an inner L-BFGS problem over (4,b)
and an outer L-BFGS problem over the free elements of L. This partition matches the estimator in
(12): the IV-GMM penalty and all fixed taste coefficients are handled jointly in the inner problem,
rather than through a separate closed-form IV update.

1. Initialize. Choose starting values for (d,b, L) and choose the number R of simulation draws.

Set convergence tolerances for the Newton, inner L-BFGS, and outer L-BFGS iterations. Draw
zr ~ N(0, I3), r=1,..., R,

once and hold the base draws fixed throughout estimation. These common random numbers

stabilize comparisons of the simulated objective across parameter values.

2. Compute Laplace proposals. At outer iteration k, fix L = L(*) and use the current, warm-
started values of (d,b) to solve (18) for each driver by damped Newton iterations. Starting from

the preceding outer iteration’s mode, or from zero at initialization, iterate

(2

k,n kn)y— k,n k,n
At = Hw ) (60 = 3P
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Vi(k,n+1) — Z/i(lc,n) + )\Z(k,n)AVi(k,n)’ )\Z(k,n) c (0’ 1]7
where )\Ek’n) is chosen by backtracking. The driver-specific mode problems are separable and can

be solved in parallel. At convergence, set

a2 = v,y = u'y®.

. Generate proposal draws. Form

B = k) (U(k))_lzr, r=1,...,R.

r 7

Hold these proposal draws and their proposal-density terms fixed during the inner solve. For
every candidate (0, b), recompute the target likelihood, importance weights, normalized weights,
and log p; using (21), (22), and (23).

. Joint inner solve for (§,b). Holding L) fixed, solve

(50,50 € arg min £(3,b, L)
4,b

by L-BFGS using the analytic gradients in (25) and (28). This step estimates the market-level

utilities, all three mean taste coefficients, and the demographic interactions jointly. Because the

distribution of random coefficients is Gaussian, £ is jointly convex in (6, ).

. Evaluate the profiled objective and gradient in L. Set
QLMY = £(6®) p*) L))

and evaluate its gradient from (29) and (30).

. Outer L-BFGS step. Take an outer step in the free elements of L to obtain L*+1) . Because
changing L changes the posterior curvature and the Laplace proposal, recompute the posterior
modes, Hessians, proposal draws, and importance weights at the next outer iteration. Warm-

start the next inner solve from (5%, b(*)).

. Convergence test. Stop when the outer L-BFGS iteration satisfies its convergence criterion;

otherwise increment k£ and return to step 2.

At convergence, the estimator combines the jointly optimized (5, Bg,ﬂ) with the profiled random-

coefficient factor L.

38Conditional on any v, systematic utility wis; is affine in (8, b) and log-concavity is closed under multiplication, so the
conditional logit likelihood is log-concave in (4, b, v). Multiplying by the log-concave Gaussian density of v preserves joint
log-concavity, as does integrating over v (Boyd and Vandenberghe, 2004, p. 106). The negative marginal log-likelihood is
therefore convex, as is its population expectation. The IV-GMM penalty is also convex because it is a positive-semidefinite
quadratic form in § — XBy. A finite fixed-draw importance-sampling approximation need not inherit global convexity
exactly: the logarithm of a finite weighted sum of conditional likelihoods need not be concave for every realization of the
draws. However, as the number of well-targeted draws increases, the simulated objective approaches the exact objective
and is therefore approximately convex in practice.
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E.3 Inference

We report robust standard errors for the low-dimensional parameter vector

b Bo
0 = ( ) = | vec(Il) |,
vech(L) vech(L)

treating the high-dimensional market-level utility vector § as a nuisance parameter. This parameter
vector includes the mean transit-ratio coefficient, its demographic interactions, and all six distinct
elements of the 3 x 3 random-coeflicient covariance factor.
Let H denote the full Hessian of £ with respect to (d, ). Profiling out ¢ gives the Schur-complement
Hessian
Hyg = Hgg — HosHy; Hsp. (31)

The computational objective profiles out (9,b) while optimizing over L. For inference, the Schur
complement in (31) gives the curvature for the low-dimensional taste parameters after allowing the
market-level utilities § to adjust.

The matrix Hgs is large but structured. Stack the mean utilities as

5= (8, 0p)s O = (Ot

where T, is the set of departure periods available in market m. For each driver ¢, draw 7, and market

m, define

ng)m = (Sigt((s, b,L, Vir))tefrma Yviﬁ,m = (}/ift)tETma

and the draw-specific score and curvature contributions

Ginr = > (Yitwm = siin)

L:m(il)=m
N = 37 [diag(s(7),) — 50,550
L:m(il)=m
Then 6&(%7«)/857” = GimT and
BQ&(W)
Ac ao _A'm'r-
96, 00! i

Differentiating the posterior-average score in (24) once more gives

02 log p; R R o _
s = = 2 il + D ir(Gimr = Gim) (Gimr = Ginn)'
merm r=1 r=1

R
Gim = ZairGimr-
r=1
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Accordingly, define the market-m likelihood-curvature block as

1 XL 2 log p;

Bpi=—v Y s 2l
N £ 06,06,

B = diag(Bl, ce 7B\M|)

Each block averages the simulated-likelihood curvature with respect to the departure-time utilities in
one market.

The penalty contributes the low-rank matrix N~ Pz. Setting
Cz= ~(22)
Z - N )

the nuisance-parameter Hessian is
Hss = B+ ZCZZ,.

We evaluate its inverse using the Woodbury identity
Hy' =B —B'z(C;'+7'B'2)" 2B, (32)

which avoids forming a dense inverse: it just requires independent market-level solves involving B,,
and one low-dimensional solve whose dimension equals the number of instruments (Grieco et al., 2025).
To construct the meat of the sandwich covariance, we profile both the likelihood and penalty scores

with respect to §. For driver ¢, define the likelihood-score contributions

1 R 1 Vi log p;
9is = ——~—Vslog p;, 9i0 = —— N (33)
N N (vvech(L) log pi

The first block of g; ¢ is given by (27), and the second is given by (29). In particular, the score for the

three mean coefficients is

dlog i R
aoﬂgop - Z Z Z air [Yier — 8i1(6,0, L, vir )] (xiét - fm(i,f)t) .

LeL; teT; r=1

The duration and transit-ratio entries use deviations from their market-period means, whereas the
price entry uses price in levels because the price component of T, is zero.

The corresponding profiled driver score is
Gio = gio — HosHy5' gis.

For the penalty scores, let ¢ = 1,...,nyp index the market-period rows of (4, X, 7), let e, denote

the corresponding standard basis vector in the é-space, and let T, denote the cth row of X written as
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a column. Define

1 ~
gze(zsn = NGC(PZV)C?

pen 1 (S;g:ccwzv)c) (34)

e —
© N Odim(vech(L))

Summing (34) over ¢ recovers the full penalty gradients in (25) and (28). Because . = (D, 0, R..)’,
the penalty contributes to the duration and transit-ratio scores. It does not contribute to the price
score, the scores on demographic interactions, or the random-coefficient scores. Profile each penalty
contribution as
~pen ,__ _pen —1 pen
gc,@ '_ gcﬁ - H‘%H&S gc,5 :
The robust sandwich covariance estimator is

Mmp

N

i Ir— ~  ~ ~pen [~pen\/ Ir—

Vo = Hggl <Z 91,092,9 + Zggz (QEZ ) > H991~ (35)
=1 c=1

This covariance allows for misspecification of the random-coefficient distribution and for the sampling
variation induced by the market-level moment penalty.
Although we optimize over L, the covariance matrix ¥ = LL’ is more interpretable. We therefore

use the delta method for the reported parameterization
b
9= .
vech(X)

oY I 0
Ji=— = ,
o 0 Ovech(X)/dvech(L)

If

then
Vy = JVpJ'. (36)

We use (35) and (36) to report the standard errors and confidence intervals in Appendix Table 1.

E.4 The Distribution of Preferences Across Drivers

Having estimated the demand parameters, we use the same simulation objects to construct the distri-
bution of driver-level duration, price, and transit-ratio coefficients. We use the posterior distribution
rather than the unconditional preference distribution because each driver’s repeated choices reveal
information about that driver’s tastes given on the estimated population preference distribution (see
Revelt and Train (2000) and Chapter 11 in Train (2009)).

Let Y; := {Yjs }¢+ denote the panel of choices observed for driver ¢, and let Og collect (5 , ,5’0, f[, ﬁ)

At these estimates, the posterior density of driver i’s unobserved taste draw is proportional to

piv | Vi ) ox exp (£(v)) 65(v),
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where l@(u) is the conditional log-likelihood in (17) evaluated at Or.1. We note that pi(v | Yi; éfuu) is
the same posterior kernel used for importance sampling.
Instead of drawing a new set of random numbers, we reuse the fixed three-dimensional base draws

{zr}le used in estimation. With posterior mode 7; and Hessian factor U; evaluated at éfull, form
Uiy = 191-—|—U;12r, r=1,..., R,

and assign each draw normalized importance weight

exp(log w;;)
Zf?:l exp(log w;,) ’

Qjp =

where log w;, is (21) evaluated at O and ;.. These weights convert the Laplace-proposal draws into
a discrete approximation to p;(v | Yj; éfuu).

The corresponding random-coefficient draw for driver ¢ is

’A)/ir ’AYO
Bir = | &ur | = | o | +11LX; + Lvy,.
Pir Po

Thus, driver i’s posterior preference distribution over R? is the weighted empirical distribution
R
Fi(A) =) ail{Bir € A},
r=1

for any measurable set A C R3. When reporting the distribution across drivers, we pool the driver-

specific posterior draws using weights w;:
R
a

FA) =) w)

=1 r=1

irl{Bir S A}’

where ). w; = 1 and w; = 1/N unless we explicitly reweight drivers to match a target population, e.g.
in Appendix F.3. The estimated value-of-time distribution plotted in Appendix Figure A7 is obtained

from the posterior ratio ;. /diy.

F Traffic Flow Supply Estimation Details

This appendix provides estimation and implementation details for the supply-side inputs summarized

in Section 6.2.

F.1 Segment-Level Congestion Function Estimation

We construct the estimation sample from available sensor cells recorded between 2020 and 2022.

Each cell reports total traffic volume and median speed for a given lane over a 5-minute interval.
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Appendiz Figure F1: Ayalon and estimation-sample APEG locations

(C) OpenStreetMap contributors (C) CARTO

For each observation, we compute lane-level density (in vehicles per kilometer) by dividing lane-level
traffic volume by median speed (in kilometers per hour); equivalently, lane-level flow is the product of
density and median speed. The final estimation sample contains about 1.2 million observations from
24 sensors, ranging from roughly 15,000 to 117,000 observations per sensor, with a median of about
47,000. Appendix Figure F1 shows the locations of the sensors used for estimation.

Next, we group the sensors into classes based on their OSM-derived speed limits (70 or 90 km/h)
and road types (either regular roads or tunnels/bridges), yielding four baseline groups. Within each
group, we estimate a lane-level congestion function that satisfies three shape restrictions: (1) the flow
function is concave in density; (2) flow equals zero at zero density; and (3) the slope at zero density
equals a free-flow speed proxy based on the group’s maximum allowed speed.

In particular, let p denote lane-level density (vehicles per km) and let f(p) = pv(p) denote flow
(vehicles per hour), where v(p) is median speed in the data. We approximate f using a Bernstein

polynomial of degree 20:

20
Host) =3 0BP(@),  x=T(p) € [0,1]
k=0

where by, are coefficients, T'(p) is an affine rescaling of observed density into the unit interval, and the

Bernstein basis functions of degree n are given by

Bl (z) = (Z)xk(l —o)"*  k=0,...n.

We estimate the coeflicients b using linearly-constrained least squares, where F; = p;V; and V; denote
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Appendix Figure F2: Extrapolated flow-density functions
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the observed flow and median speed for a given sensor observation :

N
bimargmin > (B~ f(pi ) 1)
beR21 i=1
subject to  bgiq1 — 2bg + bp—1 <0, k=2,...,19, (38)
f(0) =0, (39)
a = Umax- (40)
dp p=0

(38) ensures concavity of f (see, e.g., Mogstad et al. (2018)), (39) ensures that no cars traverse the
lane when there are no cars in it, and (40) sets the slope at zero density equal to the group’s maximum
allowed speed Umax. Appendix Figure 9 presents an example of an estimated congestion function.

To assign congestion technology to roads outside the two speed-limit classes observed in the esti-
mation sample, we extrapolate the estimated congestion functions to speed limits from 50 to 120 km/h
in increments of 10 km/h. For a target speed limit v, we linearly interpolate or extrapolate between
the estimated 70 km/h and 90 km/h functions:

v—"T0

Y= 90— 707

fo(p) = (1 —w) fro(p) +wfoo(p)-

Because this extrapolation is linear, it preserves the shape restrictions imposed on the baseline func-
tions. Appendix Figure F2 visualizes this extrapolation approach. Finally, we convert each lane-level

function into a segment-level congestion function using the lane-scaling relationship in (9).
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Appendix Figure F3: Highway road segment speed limits

Speed limit (km/h)
I 60 km/h

70 km/h

80 km/h

90 km/h

100 km/h

110 km/h

120 km/h

\

Metropolis
Metropolitan fringe
Periphery

F.2 Road Network Construction

Having estimated congestion technologies for different road classes, we construct the road network
used to implement the model in Section 5 for the counterfactual equilibria in Section 7. We begin with
the raw OpenStreetMap (OSM) network introduced in Section 3.2 and combine contiguous OSM edges
into longer directed segments. The resulting segments are uninterrupted stretches of road between
junctions such as intersections and highway entrance or exit ramps.

From this preprocessed network, we identify the major roads in the Central District on which
congestion is modeled endogenously. We classify a directed segment as a “highway” edge when it is
designated as a motorway or trunk road, has a speed limit of at least 50 kilometers per hour, and lies
within the Central District. This procedure identifies 1,047 highway edges. We assign each highway
edge the congestion technology estimated in Appendix F.1 corresponding to its speed limit, bridge or
tunnel status, and number of directional lanes.

We next select the habitual trips introduced in Section 3.3 whose routes traverse at least one
highway edge and are represented in the counterfactual demand system, leaving 17,748 trips. For each
selected trip, we retain its complete route, including the road segments used to access and leave the
Central District highway network. Of the 1,047 highway edges identified above, 1,018 appear on at
least one selected route and therefore enter the counterfactual road network, which we visualize in
Appendix Figure F3.

For each selected route, we distinguish a prefix, a core, and a suffix. The prefix contains the edges
preceding the route’s first highway edge, the core extends from the first through the last highway edge,
and the suffix contains the remaining edges after the final highway edge. We deduplicate routes with
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the same sequence of core edges. The 17,748 selected routes, which we refer to as route variants, map
to 4,565 distinct core routes. This representation allows route variants with different access or egress
portions to share the same congestion-dependent core.

To reduce the number of traversal states further, we also collapse contiguous non-highway edges
that lie entirely within the same pricing zone. We collapse edges separately within the prefix, core,
and suffix of each route, while leaving highway edges and non-highway edges that cross pricing-zone
boundaries separate. For each collapsed segment, we sum the lengths and traversal times of its
constituent physical edges.

This procedure yields 9,240 real road segments: 1,018 highway segments assigned the estimated
congestion technologies and 8,222 non-highway segments. The non-highway segments continue to
contribute to route travel times and remain subject to the applicable location- and time-specific road-
use prices. Their speeds are not determined by the equilibrium congestion functions; instead, we
construct their transition rates from estimated time-varying free-flow speeds.

To accommodate congestion at core network entry, we add one synthetic overflow/access segment
to the beginning of each core route with a “length” of 0.01 kilometers and a free-flow traversal time
of one second. Traffic completing a route’s prefix enters this segment before moving onto the first
physical segment of the core. The overflow segment provides an entry state at which traffic can wait
when the downstream core cannot immediately receive all arriving vehicles.

The equilibrium fixed point tracks vehicle masses over the 4,707 edges in the compressed core
network. Prefix and suffix edges remain in the calculation of route travel times and prices, but
their transition rates do not depend on vehicle density and they therefore do not add states to the

equilibrium fixed point.

F.3 Connecting Trip Demand and Traffic Flow Supply

This subsection provides the formal reweighting, traffic-scale calibration, and demand construction

summarized in Section 6.2.

Reweighting trips to match cell-phone-data-based origin-destination flows. Let ¢ index
a habitual trip. Let o(i) and d(i) denote the trip’s origin and destination at the coarser level of
250 groups of TAZs at which we observe cell-phone flows (see Section 3.2), and let g(i) denote the
driver’s home TAZ. We restrict attention to counterfactual-relevant trips with valid origin-destination
and home-population information that have at least one trip opportunity during the target hours
for the counterfactuals in the relevant weeks. Our objective is to choose a population weight w; for
each supported habitual trip so that the weighted trip panel reproduces the cell-phone-data-based
average weekday count N O(if‘,y of car trips for each origin-destination pair (o, d) and hour h introduced
in Section 3.2. Because multiple supported habitual trips can contribute to the same OD-hour count,
these external counts generally do not uniquely determine the individual trip weights. We therefore
use adult population in drivers’ home TAZs to construct a demographic reference allocation and use
entropy balancing to select the weights closest to it that still reproduce the external counts.

In particular, let D denote the distinct calibration dates from February through June of 2021 that
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we focus our counterfactuals on, and let R;p, equal one if trip ¢ is realized on date £ in hour h, and

zero otherwise. We define the average daily exposure of trip ¢ in hour h as

— 1
Rip = D] > R
teD

This daily normalization puts the realized trip exposures on the same average-weekday scale as the
external origin-destination counts. If habitual trip i receives population weight w;, then w; Ry, is the
average number of population trips in hour h represented by that habitual trip.

For each origin-destination pair (o, d), let H,q denote its supported target hours, let Z,; = {i :
o(i) = 0,d(i) = d} denote its supported habitual trips, and let G denote the OD pairs with positive
target counts and supported trips. Summing w;R;;, over i € T,q gives the weighted panel’s predicted
average weekday count for OD-hour cell (o,d, h). We require this predicted count to equal the corre-
sponding external count NSﬁP for every h € Hoq and (o,d) € G; we refer to these equality constraints
as the OD-hour matching restrictions.®® The restrictions determine total weighted traffic in each
OD-hour cell but generally leave its allocation across individual habitual trips underdetermined.

To allocate traffic across the habitual trips left underdetermined by these restrictions, we choose
the weights w; so that each home polygon’s share of weighted drivers is as close as possible to its
share of the adult population in a particular distributional sense we introduce below. Let A, denote
the number of residents age 20 or older in home TAZ g, and let m, denote the number of supported
habitual trips whose drivers live in g. We initially assign the adult population of each home TAZ
equally across its supported trips by defining

b; = @.

Mg(3)
Before imposing the OD-hour matching restrictions, home TAZs contribute in proportion to their
adult populations, while supported trips from the same home TAZ are treated symmetrically. We
normalize these building blocks b; over the full supported trip set Z to obtain demographic reference

shares
b;

i ="

Zj ez bj
To convert the reference shares p; into a benchmark for absolute trip weights, we introduce a
common scale x > 0, so that kp; is the benchmark weight for trip <. We then choose the abso-

lute trip weights {w; }iez and K to minimize their generalized Kullback-Leibler discrepancy from this

39In practice, sparse observed trip-time profiles can make exact hourly matching infeasible. For each OD pair, we first
record any positive target hour with no observed habitual-trip support separately. If the remaining hourly targets are
still infeasible, we progressively merge adjacent hours and replace their hourly restrictions with an aggregated restriction
until the target time distribution lies in the cone generated by the observed exposure profiles. We use the finest grouping
of adjacent hours that makes the optimization problem feasible.
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demographic benchmark subject to reproducing the cell-phone-data-based OD-hour counts:*

. LY
N s 4
o in_ Z {wz og </~@pi> w; + "{pz:|
subject to Z w; Ry, = ch‘}zu, h € Hoq, (0,d) €G.

O
1€Loq

Among the weights that reproduce the external OD-hour flows, the objective selects those that alter
the demographic reference allocation as little as possible. The common scale k allows the total mass
of the reference weights to adjust to the absolute scale of the cell-phone counts, while OD-specific tilts
make the relative adjustments required to satisfy the matching restrictions.

Since (41) is a convex optimization problem with block structure across origin-destination pairs
given k, it can be solved jointly across origin-destination pairs using a block-structured Newton
method: each OD pair has its own exponential tilt, but all OD pairs share the scale k. The resulting

w; is the representative population weight for supported habitual trip 3.

Calibrating traffic scale and constructing empirical demand. The entropy weights place
the trip panel on the population scale implied by the cell-phone-data-based origin-destination flows.
Because that scale need not coincide with the vehicle-flow scale of the congestion functions estimated
in Appendix F.1, we use highway sensor volumes to estimate a common factor that maps weighted
habitual trips into realized traffic flows. We then combine this factor with the entropy weights and
estimated demand primitives to construct the total driver mass ) and type distribution F' that enter
the equilibrium model in Section 5.

To construct this scaling factor, we first use the network constructed in Appendix F.2 to predict
sensor-level traffic from the habitual trip panel. Each sensor is mapped to a directed OSM edge. Using
the inferred routes constructed in Appendix D.1, let M;s be an indicator that trip ¢ crosses the edge
corresponding to sensor-direction pair s. The trip data record when a driver leaves the origin but not
the exact time at which the driver passes a downstream sensor. We therefore aggregate trip departures
and observed sensor volumes into 30-minute intervals, the finest resolution at which we can credibly
assign a trip’s sensor crossing to the same interval as its departure.

Let 7 index these intervals, and let R;s; indicate that trip ¢ is realized on date ¢ with a departure
time in interval 7. Under this alignment, the weighted number of habitual trips predicted to pass
sensor s in cell (¢, 1) is

Cotr =Y Misw; Rigr. (42)
i

40This problem formulation has a long history in probability, statistics, and econometrics. The maximum-entropy
interpretation of moment-constrained probability choice goes back to Jaynes (1957). With a non-uniform reference dis-
tribution, the same logic becomes a minimum-discrimination-information or I-projection problem (Kullback and Leibler,
1951; Kullback, 1997; Csiszar, 1975). The same structure appears in contingency-table raking with fixed margins (Ireland
and Kullback, 1968), survey calibration and generalized raking (Deville and Sarndal, 1992; Deville et al., 1993), entropy
balancing/inverse-probability tilting for estimating causal effects and more general missing data problems (Hainmueller,
2012; Graham et al., 2012). Closely related exponential-tilting estimators use the same information-theoretic logic for
econometric moment restrictions (Kitamura and Stutzer, 1997; Imbens et al., 1998).
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This prediction uses the full population weight w;. The weekly availability adjustment introduced be-
low averages counterfactual demand across weeks and therefore does not enter the sensor-flow regres-
sion. Let Cgy; denote the total vehicle volume recorded by sensor s over the corresponding 30-minute
interval. The calibration sample C contains sensor-direction-date-interval cells with an observed sensor
record, restricted to weeks and within-week intervals in which at least one selected habitual trip has a
trip opportunity. We exclude predicted cells without a sensor record since missing sensor observations
likely do not correspond to zero traffic.

We estimate a single scale factor, common across sensors and weeks, by regressing realized sensor

volumes on predicted habitual-trip crossings without an intercept:

Z(S,E,T) cC CserCopr

(= -
Z(S,Z,T)EC Czﬂ‘r

(43)

The coefficient Zmaps one weighted predicted crossing into realized vehicle flow.
Having estimated traffic scale, we aggregate potential demand across the calibration weeks. Let W
denote the set of calibration weeks, let O;,, be an indicator of whether that trip ¢ has a trip opportunity

in week w, and define its availability share
i = Z Ozw
|W| wew
We set the total mass of potential drivers in the model to
i€l

Trips with opportunities in every calibration week contribute their full calibrated mass, while trips
available in fewer weeks contribute in proportion to their observed availability. The corresponding

population share w; of habitual trip 7 is

inZ‘
-~
> irez wi Oy

which supplies the target-population driver weight denoted generically by w; in Appendix E.4.

w; =

To determine the type distribution F', we average the date-varying scheduling preferences esti-
mated in Section 6.1 over the same calibration weeks. Let L;; (W) denote the dates in weeks VW on
which departure period t is available for habitual trip ¢. Writing 17}& (B) for the estimated scheduling
preference on date ¢ associated with coefficient vector B (which includes trip i’s gas cost and value of

their best public transit alternative since those are invariant in our model), define

Vir(B) = Z Vier(B

1€ (W)l éeﬁn W)

To represent posterior preference heterogeneity without carrying every draw into the equilibrium
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calculation, we apply weighted k-means separately to each driver’s 500 posterior coefficient draws
constructed in Appendix E.4, using their posterior importance weights. Let Bic and ;. denote the
centroid and posterior mass of cluster ¢ € {1,..., K;}, respectively. Combining each centroid with the

corresponding habitual-trip attributes and averaged scheduling preferences gives the model type
07:0 = <t717 7;7 Vl(a Bic)a aica 320) .

Combining the population trip shares with the within-driver cluster masses gives the discrete type

distribution passed to the model:

K;
F\ = ZwiZWz‘c(Sgic, (45)

€L c=1

where 5@6 denotes a point mass at type Dic. Together, (44) and (45) assign mass
Qwimic = Cw;Oyie

to habitual trip ¢ and representative preference type c¢. These masses enter the route and departure-

time demand system in (5).

G Equilibrium Computation and Price Optimization

In this appendix, we provide more details about how we discretize the model described in Section 5

to facilitate efficient equilibrium computation and congestion price optimization.

G.1 DModel Discretization

First, we explain in detail how we discretize the components of the continuous-time model described

in Section 5.
Period grid and frozen rates. We partition the horizon into M periods of common length A,
I = [tA, (t+ 1)A), t=0,...,M—1, T=MA,

and represent each period by its average movement-level masses. For each movement (e, €’), define

) s i i
Gee't = A / Gee! (7_) dT, Get = Z Gee'ts
ta e cEU{o}

and collect the movement masses into the vector q;. We then freeze the congestion-dependent transition

rates within period ¢ at these representative masses:

)‘ee/t = >\ee’ (Qt)’ th = QJ((jt) (46)
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We likewise hold the inflow to route j constant within period ¢ at rate aj; and write gj; = q;(tA) for
the start-of-period route mass. The route-level ODE (6) then becomes, on Iy,

d

7 4(7) = Qjeqj(T) + ajeer. (47)
Forward mass propagation. Because the coefficients are constant within a period, the route-level

mass path has a closed-form solution. For local time u € [0, A],
u
q;(tA + u) = ety + ay (/ o ds) o (48)
0
It is therefore convenient to define the block operators
A A
Ej; = QitA Aj = / eQits ds, Bj, = / (A — 5)eQits ds. (49)
0 0

Evaluating (48) at u = A gives the start-of-next-period recursion,

qji+1) = Ejtqi + ajiAjier, (50)

while averaging (48) over the period gives the route-level period-average masses

qjt = A1 f q;(7)dr = AL [Ajiqji + ajiBjer] . (51)

t
Backward value recursion. The backward pass mirrors the forward discretization. Using the
generic notation from (7), let Xj;(q) stack the start-of-period continuation values Xji;(q) across
states k € {1,..., K; + 1}, with the absorbing component equal to zero. Suppose that within period
t, being in segment-state k£ accrues running amount r;z; per unit time, that a jump from state k to
k + 1 incurs lump-sum amount mj;, and that the post-horizon continuation values are collected in

the vector X j- Define the period-t source vector
b = (rjue + Qel2 Umyie, -, rjace + Quu[K5 + 1, Kjlmyrci, 0)'

For local time u € [0,A], write X;(tA + u;q) for the within-period continuation profile, so that

X;(tA;q) = Xji(q) and X;((t+1)A;q) = Xj441)(g). Freezing the transition rates within the period

turns (7) into

d _ _
%Xj(tA +u;q) = —cﬁ — Q5 X;(tA + u; q).

Left-multiplying by the integrating factor @it gives

d / /
Tu it X (A + u; (j)] = —eQit“cﬁ.
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Integrating from 0 to A and rearranging yields the start-of-period backward recursion
X1(q) = Ay + Ejy X 41 (@) (52)

This recursion is initialized at the horizon by the terminal condition X5/(gq) = X;. Expected duration
and price are the two special cases used in the main text. For duration, rj; = 1, mj = 0, and
v . — D
X; = Dj V> SO

el =(1,...,1,0).

For price, 7kt = 0, Mkt = Pet, Where per = pe(tA), and X; = 0, which implies

!/
elt = (P Qil21), -+ peyye 1 Qutl; +1,K), 0)
Specializing (52) therefore gives
Dji(q) = Ajc + EyDj41) (@), Pje(q@) = Afycl; + By Pi41)(@)-

The route-period expected duration and price that enter demand are the first components of these
vectors: Dj(q) = Dj14(q) and Pj(q) = Pj1(q).

Trip demand. Since scheduling preferences f/jt(Q) are assumed constant within each period, we let
T (0) C [M] denote the set of feasible departure periods. A route-period alternative (j,t) represents all
departures in the interval I;, so under the within-period constant-utility approximation, its continuous-

time attractiveness is proportional to
/1 exp(3;(7: 4. 0)) dr = Aexp(Viu(0) = 7Dje(@) — aP;i(a))
t

Given the assumption of unit-scale Type-I extreme-value shocks, this bin-width factor can be absorbed
into the deterministic utility by redefining the scheduling preference term as Vj;(0) := X7jt(0) + log A,
i.e. just a common shift to inside alternatives relative to the outside option.

The discretized route-period utility index can then be written as
6t(q,0) = Vje(0) — vDj(q) — aPjt(q),

which implies the type-6 probability of choosing route-period pair (j,t) is given by the typical logit

choice probability formula:

exp(3;:(q,0))
L+ 3 e q00) 2ver(o) ©P(0w(q,0))

$;t(q,0) = (53)

and that the aggregate share is given by

sj1(q) = /stt(% 0) dF(0).
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Conditional on choosing (j,t), a driver’s departure time is uniform on I;, so the within-period inflow
rate is Q5ir(d)
_ Sit\g

a; ==, 54

]t(q) A ( )

Discretized equilibrium. The discretized equilibrium is therefore a sequence {(j{‘}i\i 61 such that,

after solving the backward recursions, computing route-period demand, and propagating route-level

masses forward, aggregating route-level period averages reproduces the original movement-level average

masses:

K;
q:e’t = Z ]]'{e]k =€ Ci(k+1) — 6/} (Ejk;tv v (67 6/), t, (55)
=1 k=1

where we adopt the convention e;(f; 1) = & for the terminal movement.

G.2 Uniformization and Efficient Operator Evaluation

The recursions (50) and (52) require repeated applications of the operators Ej;, Aj;, and Bj; to a small
set of vectors, along with the adjoint operators E;-t and A}t in the backward pass. Directly evaluating
matrix exponentials in every route-period block is unnecessary because each @Q;; is a CTMC generator
with bidiagonal structure inherited from the route progression process.

Uniformization converts the matrix exponential into a Poisson-weighted power series (see Stewart

(1994) for a textbook treatment). For each route-period pair (j,t), choose

Ajt > klél[é;{X](—th[ka k)), Q=1+ /_\;tlet, it = AjeA. (56)
J

Then ®j; is a column-substochastic matrix, and for any s > 0,
o0
€D =S wy (\us)®y,  wa(p) = e fnl. (57)
n=0
Substituting (57) into the integral operators and using the fact that ®;; does not depend on s yields

A —;\;ts 5\ n _
an(p) = /0 e?W ds = )\;tl Pr(Poisson(p) > n+ 1),

and <
e Nt (\jps)" n+1

ds = Aap(p) — BUR Pr(Poisson(p) > n + 2).
jt

n!

A
bl = [ (a=9)

As a result, the operator actions can be written as

oo o0 o0
Ejv = Z wp () Phv,  Ajv = Z an(pjt) @G0, Bjiv = Z b (pjt) @G
n=0 n=0

n=0
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The backward pass uses the adjoint actions

o0 [e.¢]
E}t” = Z wn(,ujt)(q);-t)"v, A}t” = Z an(ﬂjt)(q);‘t)nv-
n=0 n=0
These series can all be evaluated in a single loop. Initialize v =y, wy = e Hit, and F_; = 0. For
n=20,1,2,..., update either

o) — (pjtv( n) or o) — @;-tv(”)

depending on whether the forward or adjoint action is needed, and update the scalar weights by

_ n+1
Fp = Fo1+wy, wpi1r = wppj/(n+1), ap = )\jtl(l—Fn), b, = Aa,,— ;\7(1 Fp—wpy1). (58)

Jt

Accumulating the iterates with weights (wy,, an, by) gives the desired operator actions, and the loop can
be truncated at the smallest N;;(e) such that 1—F;,, < . Because ®;; is bidiagonal, each multiplication
¢>jtv(") or @;fv(”) costs only O(K) operations, so the total work per route in one outer fixed-point

iteration is

M—1
0(2 Kijt(s)> . (59)

G.3 Equilibrium Computation

We solve the discretized fixed point (55) by iterating between route-level calculations and movement-
level aggregation. In practice, we use simplex-constrained Anderson acceleration with damped updates
to improve the stability of the outer fixed-point iteration and reduce the number of iterations needed
for convergence by constructing better update directions from recent residuals (see Kelley (2022) for
a textbook treatment). Let (jt(r) denote the vector of period-t average movement masses at outer

iteration r.
1. Initialize. Choose an initial guess {qt(o) t]\ial, an Anderson memory length m, a damping

parameter w € (0, 1], and a convergence tolerance ¢ > 0.

2. Build generators. For each route-period pair (j,t), construct the frozen generator from (46),

QW = Qi)

(1) )

it P05 and ug-? from (56).

along with the associated uniformization objects A

3. Backward pass. Starting from D' ]\)4 = DfM and P(T) = 0, iterate backward over t = M —

1,...,0 and each route j using the backward recursion (52) to compute
(r _ (T)' D () y(r) p) — (T)/ (r) p(r)
D;’ = A; +E Dg(t+1) P, =A; ]t—l—E P(t+1)
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(r)

4. Demand and inflows. Using (53) and (54), compute route-period shares s;;” and inflow rates

ag;’) (T)/A

5. Forward pass. Set q](.g) = 0 for every route j. Then, for t = 0,...,M — 1, use the operators
from (49), the forward recursion (50), and the period-average formula (51) to compute

(r) (r) (r) (r) 4
9(ri1) = E ' —i—ath eq,

and

&™) = A7 4D + o) BYe]

. Aggregate to movements. Convert route-level period averages into movement-level averages

using the aggregation map in (55):
J
_(r,new) 1 . (r,new)
Qee't — Z {ejk - J(k+1) } gt :

. Get update direction. Stack the movement-level averages across periods and define the current

raw fixed-point residual
(r)

—(r,new) —(r)'

g’ =9q q

Store ¢(") in a rolling Anderson history. If the history now contains more than m entries,
discard the oldest one so that only the most recent m residuals are retained. Let , denote

the set of retained iteration indices. Simplex-constrained Anderson acceleration then chooses

convex-combination weights

2

()Earg ml‘%l Zagg(g) , Al = aERT’"‘: Zagzl ,
€A e, ; (e,

and uses the resulting accelerated direction

= Y allg®

LeH,

Equivalently, period by period,

8= 3 alf ()~ g).

LeH

When the history contains only the current residual, this reduces to the usual fixed-point residual.
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8. Damped update. Update the movement masses according to

g =q" +wd”, vt

9. Convergence test. Stop when

_(r,new) _(r) .
mf“x Geert T Geert <G

e—e’

otherwise increment r and return to step 2.

At convergence, the movement-level average masses are consistent with the backward duration and
price recursions, route-period demand, and forward propagation of route-level traffic through the

network.

G.4 Price Optimization

We now describe how we choose a time-varying price schedule to maximize welfare while accounting

for the endogenous equilibrium response of traffic.

Continuous-time welfare problem. Let p := {pe(7)}cce, reo,r] denote a candidate collection of
segment-time prices, and let G(q, p) denote the continuous-time equilibrium map from Section 5, now
written with its dependence on prices made explicit. For a given price path p, the induced equilibrium
movement masses q*(+; p) satisfy

G(g*(;p),p) =4 (D).

For a driver of type 8 = (J,7T,V(:),a,7), define the systematic utility index
3j(m3q,p,0) = Vj(1;0) — vD;(7;q) — aP;(7;: 4, p),

where we now write expected trip price as depending explicitly on both the equilibrium masses and the
candidate price schedule. Let s;(7; g, p) denote the aggregate route-departure-time share density from
(5) after making the price dependence explicit, so that a;(7;q,p) = Qs;(7;q,p). Using the standard

logit inclusive-value formula, type-6 consumer surplus under prices p(-) is

1 70 .
CS(6;p) = —log| 1+ Y / exp(d;(u; ¢* (), p,0)) du |,

and aggregate expected toll payments are

J T
R(p) = QZ/O sj(1:q"(sp), P)Pj(T; 4" (s p), p) dr.
j=1
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We therefore write the planner’s continuous-time problem as

mas Wip)=Q /@ CS(0; p) dF(0) + AR(p)

st. G(g*(sp),p() = q"(:;p),

(60)

where P is the admissible set of price paths, for example one imposing pointwise lower and upper
bounds on each segment-time price, and A > 0 governs the planner’s weight on revenue relative to

consumer surplus.

Discretized price optimization problem. Under the discretization described above, prices are
summarized by the segment-period values p := {pet}es. Given candidate prices p, the backward

recursion for expected prices from (52) becomes

Pﬁ(dvﬁ):Agtcﬁ( p) + Ej1 Pj141)(q, D),

where
/
Cﬁ(ﬁ) = (pEjthjt[Qa ]-]7 ey pEjKthjt[Kj + 17Kj]7 0) .

Let G(q,p) now denote the discretized movement-level map that takes candidate movement masses
and prices into the updated movement masses obtained by the backward pass, the route-period demand
system, the forward pass, and movement-level aggregation described in Appendices G.1 and G.3. Then

the discretized equilibrium associated with p satisfies
G(q*(p).p) = 4" (P).
For type 6, the discretized utility index is
6j1(q,p,0) = Vji(0) — vDji(q) — aPj(q, ),

and let sj¢(q,p) denote the aggregate route-period shares from (53) after making the dependence on
candidate prices explicit. The discretized type-6 consumer surplus and aggregate expected payment

are therefore

CS(0;p log 1+ > Z exp(0;¢(q*(P). B,9)) | ,
JET(0) teT (0
M—-1

J
p) = QY Y s1(d@* (). P)Pi(d" (D), P)-

j=1 t=0
In the implementation, prices may be parameterized by a lower-dimensional vector 1 that maps linearly

into segment-period prices p(1}); optimizing every segment-period price separately is the special case
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p(¥) = 9. The discretized problem is therefore

max_ / C'S(6; p(9)) dF(6) + AR(p(9))
I<9<9

st G(G*(9),p(9)) = G ().

(61)

Optimization algorithm. We solve the optimization problem (61) using the box-constrained first-
order optimization algorithm L-BFGS-B (Byrd et al., 1995), treating the equilibrium masses as an
implicit function of the prices. At any candidate parameter vector ¥, define p = p(¥) and let g*(9)
denote the solution to the discretized equilibrium fixed point. The total welfare gradient therefore
takes the form -
VoW = 0gW + Og W Cfl 9
where the first term is the direct effect of changing prices holding equilibrium masses fixed, and
the second term captures how welfare changes because the equilibrium itself moves with prices. To

characterize dg*/dd, differentiate the fixed-point condition

which yields the implicit-function equation

dq*
49

[04G(q",p) — I| == = —0sG(q", p(9)), (62)
so a direct application would require solving for the equilibrium sensitivity of every price parameter
separately. Since the equilibrium state vector g* is high dimensional, doing so would be prohibitively
expensive. Instead, we use the adjoint form of the implicit function theorem, which introduces an
adjoint vector X satisfying

04G(q@", D) — II' A = — (9gW)’ (63)

and then implies
VoW = sW + (99G(q", P(9)))" A

This reformulation is useful because it replaces one linear solve per price parameter with a single
high-dimensional adjoint solve. Moreover, that adjoint system can be handled with an iterative linear
solver like GMRES using repeated applications of the linearized forward map and its adjoint, which
is much easier than explicitly forming or factorizing the full Jacobian of the equilibrium system.

The resulting optimization routine proceeds as follows.

1. Initialize. Choose an initial price-parameter vector 9(©) satisfying the box constraints and
an initial equilibrium guess. In practice, we warm-start the inner equilibrium solve with the
converged equilibrium from the closest previously solved price vector, which for nearby L-BFGS-

B iterates is typically just the previous optimizer iterate.

2. Expand prices. Map 9") into segment-period prices pr) = 13(19(7")).
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3. Solve the inner equilibrium. Holding p(") fixed, solve
G(a.p") =q
using the equilibrium algorithm from Appendix G.3 to obtain g*(").

4. Evaluate welfare. Using G, compute the backward price recursion, route-period choice
probabilities, and the welfare objective W (9(")) from (61).

5. Evaluate the gradient. Differentiate through the equilibrium map using (62). In practice,
we solve the adjoint system (63) with an iterative linear solver like GMRES that only requires
repeated evaluations of the linearized forward pass of the equilibrium system and its adjoint,
and then assemble VoW (9(")).

6. Take an L-BFGS-B step. Provide —W (9(")) and its gradient to box-constrained L-BFGS-B,

which updates the price parameters subject to the lower and upper bounds to obtain 9+,

7. Convergence test. Stop when the projected gradient norm or the relative change in the
parameter vector or objective falls below the requested tolerance; otherwise increment r and

return to step 2.

G.5 A Threshold for Non-Zero Price Optimality

In addition to computing globally optimal prices for a given revenue weight A, we can compute the
threshold value of A at which the zero-price corner stops satisfying the first-order conditions for a
local optimum. The calculation avoids re-solving the full price optimization problem over a grid of A
values. It instead solves the zero-price equilibrium once and evaluates the one-sided welfare gradient
in the feasible parameter directions at that corner.

Let ¥ denote the finite-dimensional price parameter vector from (61), normalized so that the lower
bound is 0.*! Every feasible local perturbation is represented by a nonnegative direction d > 0 in the
parameter space. Let ¢ := ¢*(0) denote the discretized zero-price equilibrium.

Write the implemented welfare objective as

Wa(9) = C(9) + AR(D),

where C'(9) is the consumer-surplus component and R(¥) is the expected-payment component, using
the same normalization as in the optimizer. For each parameter m, define the gradient components

at zero prices as
_dC(9) __ dR(9)

Cm ‘= dﬂm 19:0, T'm = dq?m 19:0.

41We apply the threshold calculation only when ¥ = 0 maps into all-zero segment-period prices and each free price
cell has a nonnegative scale.
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The one-sided welfare derivative from increasing parameter m is therefore

AW (9)

. cm + Ar (64)

=0

Because the zero-price vector is a lower-bound corner, it satisfies the first-order condition only if the
one-sided derivative of welfare is weakly negative in every feasible local direction. We only need to
check the coordinate parameter directions because they generate the feasible tangent cone: for any

d>0, -
AWy (sd)
ds

= Z A (e + Arp).
s=0+ ™
Thus, checking all feasible perturbations is equivalent to checking the finitely many coordinate direc-
tions. If ¢, + Ar,, < 0 for every m, every feasible local perturbation has a weakly negative first-order
effect. If ¢, + Ary, > 0 for any m, increasing that one parameter raises welfare to first order, so zero
prices cannot be locally optimal.
This linearity also gives a parameter-specific threshold. Parameter m becomes welfare improving
at
0, cm >0,
Ay = < 00, cm <0 and ry, <0,
—Cm/Tm, ¢m <0 and r, > 0.

where A, = 0 means that zero prices already fail the first-order condition when A = 0, and A,, = oo
means that increasing A cannot make parameter m welfare improving because the expected-payment
gradient is nonpositive. Since any positive directional derivative is enough to violate the first-order
condition at the corner, the reported first-order threshold is therefore
A" :=minA,,.
m

As it happens, computing the two gradient components at zero prices is also simpler than evaluating
the general price gradient. Since the expected-price backward recursion has a zero source when p = 0,
Pj1(g,0) = 0 for every candidate mass vector q. This implies 95P;+(g°,0) = 0 and 95R(¢",0) = 0.
The expected-payment gradient therefore does not require differentiating the equilibrium response of
traffic: terms involving changes in route shares or equilibrium masses are multiplied by zero expected
prices. Letting PJT denote the derivative of route-period expected price with respect to 9,,, evaluated
at fixed masses q° and ¥ = 0, we then have that r,, is the baseline-share average of PJT across
route-period alternatives.

Consumer surplus retains a direct expected-price effect and an indirect congestion effect. Let sgt(G)
denote the zero-price route-period choice probability for type 6, and let D;?Z denote the derivative of

equilibrium trip duration induced by increasing parameter m. Up to the common normalization used
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in the optimizer, the consumer-surplus gradient has the form
Hm Y ym
on= [ S sh@ B dre) - [ 3@ D5 are).
© it © it

The first term is the direct money cost of the marginal price increase. The second term is the
equilibrium-duration channel: a marginal price can change route and departure-time choices, which
changes movement masses and therefore expected durations. At zero prices, there is no additional
consumer-surplus channel through 04 Pj; because expected prices are identically zero as a function of
q.

In practice, we compute ¢, using the same implicit-function and adjoint machinery as in the full
price optimizer. The zero-price adjoint right-hand side only needs the derivative of consumer surplus
with respect to expected durations, because the expected-price-through-equilibrium channel drops out.
By contrast, r,, is computed directly from the derivative of expected payments with respect to prices

at the zero-price equilibrium.

G.6 Trip Demand Without Network Heterogeneity

Here, we describe how we modify our model to eliminate welfare differences arising from drivers’
heterogeneous route and departure-time choice sets while leaving the network loading technology
unchanged. The counterfactual has three pieces. First, drivers decide whether to take a trip using the
ex-ante value of a randomly drawn inside choice set. Second, conditional on taking a trip, a choice
set is drawn and the driver chooses a route and departure time using the same utility index. Third,
pricing is restricted to a common access price p paid by any driver who takes a trip, so the planner
cannot target particular roads or times directly.

To make the notation explicit, decompose a driver type into

0=maon), n=(T.T,V()),

where 7 collects the route choice set, focal time window, and scheduling preferences, while («a, ) are
the marginal utility of money and duration coefficient. Let F; denote the marginal distribution of 7
and F,  denote the marginal distribution of (c,7). Using the marginal distribution F;, rather than
the realized 7 of a driver is what anonymizes choice-set exposure; every coefficient type faces the same
lottery over possible inside menus.

For a route j and departure time 7 in the feasible set of menu type 7, define the anonymized-menu
utility index

645(T3@,p,m, 0, y) = Vj(Tim) — vD;(75.q) — o,

where Dj(; q) is still computed by the same backward recursion described in Section 5. For a realized
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menu 7, the inside inclusive value is

T(n)
I(g,p,n,,7) = log Z/ exp(da;(u; g, p,n, 7)) du
jed () LM

The ex-ante anonymized inside value for a driver with coefficients («, ) is the average of this inclusive

value over the menu lottery,

I(q,p, o, 7) = /I(q,p,n,a,v) dFy(n).
The probability that a driver with coefficients () takes a trip is

exp(I(g.p, @, 7))
1+ exp(I(q,p,a,7))

Sin(qapa a, ’7) =
Conditional on taking a trip and drawing menu 7, route and departure-time choice is still made

using the same route-time utility index:

exp(d4;(75q,p,1,,7))
T
Zj’ej(n) fI((nW)) exp(éAj/ (ua q,p,1, «, ’7)) du

Silin(T5 @, DM, @, Y) =

)

for j € J(n) and 7 € [T(n),T(n)], with 54lin(7; @, P, M, @,y) = 0 otherwise. Since the access price
p is common across all inside alternatives, the price term drops out of this conditional inside-choice

probability. The resulting aggregate route-departure-time share density is

s4j(T;q,p) = /Sin(q,p,aﬁ) U Silin(T5 @, 01, @, y) dFy(n) | dFo(a, ),

where the subscript A denotes the anonymized-menu counterfactual. The route inflow rate is then

as;(7;9,p) = Q 545(T;q,D).

Replacing the demand step in the equilibrium map with a4;(7; g, p) defines a modified continuous-time

fixed-point map G4(-,p). The anonymized-menu equilibrium satisfies

All other steps of the equilibrium calculation are unchanged: movement masses determine segment
traversal rates, the backward recursion computes D;(7;q), the demand step computes an;(7;q,p),
the route-level ODE propagates traffic through the network, and route-level masses aggregate back to
movement-level masses.

The corresponding money-metric welfare object evaluates drivers before their menu draw. For
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coefficients (a,7y), ex-ante consumer surplus is

1 _
CSala:p,0,7) = — log[1+exp(I(q,p,a,7))].

Equivalently, I contains the common access price and the option value of the route and departure-time
choice within a randomly drawn inside menu, while the outer log-sum contains the option value of

choosing whether to take a trip at all. Aggregate revenue under the common access price is

Ra(q,p) izp'Q/Sin(q,p, a,y) dFq (o, ),

and the welfare objective with revenue weight A is

Wan(p) = Q / CSAG(5P),ps 0s7) dFar(@,7) + ARA(G (). p),

where g% (-;p) solves Ga(q(-),p) = q(-). Pricing counterfactuals compare Wy A (p) to W a(0), and
the restricted optimal common price solves maxpe(, 5 Wa.a(p)-

This construction preserves the traffic supply side and conditional route assignment induced by
expected durations but removes welfare differences caused by a driver’s realized choice-set exposure.
Heterogeneity in the welfare object remains only through («,) and how those coefficients value the
common ex-ante menu lottery and common access price. Because the price is a scalar paid for any
trip, the planner cannot use the price instrument to target particular roads, departure periods, or

routes.
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