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ABSTRACT

When public policies are expected to affect a population in complex ways, the normal evaluation measures, such as
mean effect, may fail to capture all of the effects that are important to societal goals. As an example, if the policy is
expected to be “regressive”, benefiting mainly those who are aready in the best position or costing mainly those
who are already in the worst position, then we might say that its poor equity overwhelms any advantage in average
benefit. The converseisapolicy that is“progressive’, redistributing welfare from richer to poorer members of
society. This study demonstrates the application of some nonparametric distributional comparison toolsin the
evaluation of atransportation policy whose effects are simulated using a complex urban modelling system. We
consider a case study of peak-period roadway tolls for Stockholm, Sweden. This case is particularly relevant
because congestion pricing in general has been both lauded and criticized for its anticipated progressivity or
regressivity. The results confirm earlier findings that the magnitudes of redistribution effects are small compared to
estimated total welfare. The overall progressivity or regressivity that is present is strongly related to the reallocation
scheme, with the most progressive scenario being a public transit subsidy and the least progressive being a reduction
in the income tax rate. The results also suggest lower-tail regressivity in all reallocation schemes studied, most likely
due to differencesin theinitial peak-hour trip modes among |ow-income households.
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INTRODUCTION

When public policies are expected to affect a population in complex ways, the normal evaluation measures, such as
mean effect, may fail to capture all of the effects that are important to societal goals. As an example, if the policy is
expected to be “regressive”, benefiting mainly those who are aready in the best position or costing mainly those
who are already in the worst position, then we might say that its poor equity overwhelms any advantage in average
benefit. The converseisapolicy that is“progressive’, playing the Robin Hood role of redistributing welfare from
richer to poorer members of society.

Another example of a complex policy effect isthe emergence of dispersed outcomes for subgroups of a
population. In many cases, it is of interest to evaluate the effects of a policy along socio-demographic dimensions
such as gender. These effects are normally considered in the context of group means, with the implied assumption
that within-group distributions are normal. Consequently, any heterogeneous effects within the groups, such as
regressivity or bimodality, will be overlooked.

This study demonstrates the application of a small set of nonparametric distributional comparison toolsin
the evaluation of atransportation policy whose effects are simulated using a complex urban modelling system. Asa
case study, we consider a proposed system of peak-period roadway tolls for Stockholm, Sweden. Thiscaseis
particularly relevant because congestion pricing in general has been both lauded and criticized for its anticipated
progressivity or regressivity. While some have argued that congestion pricing burdens lower-income individual s
who are least flexible to change travel patterns, others have argued that lower-income individuals are less likely to
be tolled because they tend to use public transportation.

The nonparametric comparison tools used here include estimations of relative distribution functions and
polarization indices. These estimations were conducted using travel demand modeling data that was produced for an
earlier study on the distributional effects of Stockholm’s congestion pricing proposal (1).

BACKGROUND

This study generally builds on three existing bodies of theory: equity evaluation for public policies, roadway pricing
theory, and non-parametric methods of measuring inequality. The first two of these are briefly summarized below,
while the third is discussed in the Methodology section.

Equity Evaluation

In many social science questions, the total consumer welfare is not the only issue under consideration; also
important is how consumer welfare is distributed among society’ s members, or how equitable is that distribution.
Equity questions are often considered with respect to two types, each of which can be linked to Rawlsian principles
of justice (2). First, horizontal equity refersto the distribution of welfare among individuals who are otherwise
identical, drawing from Rawls's “ principle of equal opportunity”. Second, vertical equity refers to the distribution of
welfare among individuals who are unequal in other respects, drawing from Rawls's “principle of difference’. Raux
& Souche (3) identified an additional form of equity in the context of roadway pricing: spatial equity, which
implements Rawls's “principle of liberty” as providing the right of access to any location in space. In this study, we
are exclusively considering vertical equity, where the individuals vary with respect to initial welfare, asindicated by
household income. Consistent with Giuliano (4), we consider as equity the distribution of a policy’s effects, both
positive and negative, in reference to household income as a baseline.

These approaches to equity implicitly suggest two notions that must be clarified: how to identify society’s
members, and how to quantify the welfare that is distributed among them (5). The first question is an issue of the
unit of analysis, but its importance is underscored by the fact that the chosen unit will affect how different kinds of
members of society are weighted. For example, if each individual is a unit of analysis, the results may tend to favor
large families over those who live alone. If the unit of analysisis all households, there may be the opposite tendency.
In this study, we consider all adultsin Greater Stockholm.

The second question concerns the quantification of welfare for society’s members. One of the most
common measures of individual welfare isincome; another is accumulated wealth. The situation is complicated by
co-habitation of adultsin, for example, domestic partnerships, marriages, and families. In these cases, the
individuals may share resources to such an extent that to use the actual income generated by one of theindividuals
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could be misleading, especiadly if only one of two adults is employed. A more representative estimate should
account for the income of the household as awhole. In this study, we use total household income per adult. In effect,
the total household earnings are considered pooled, then divided equally among the adults.

Some common methods of quantifying equity effects of transportation policies were reviewed by Levinson
(6). Most common in the socia sciencesisthe Lorenz Curve graphical tool and its associated summary statistic, the
Gini Coefficient. It isimportant to note, first, that the Lorenz Curve only illustrates the progressivity or regressivity
for asingle population. Moreover, these tools often hide useful information about the tails of the distributions being
compared, since nearly all Lorenz Curves tend asymptotically toward the 45-degree line at the two ends of the
distribution, despite often large differencesin density at the tails.

Also, quantile-quantile plots (Q-Q plot) are used frequently in evaluating econometric models' error
distributions against a normal distribution, wherein the quantile function of one distribution is plotted against the
quantile function of the other distribution. Because these quantiles are in the units of the variabl€e’ s quantities, they
areintrinsically scale dependent, and are therefore subject to inconsistencies in the scale of the variable, and
different results can be found if any monotonic transformations, such as alog transformation, are applied.

Relative distributions and polarization indices are the principle methods applied in this study. In contrast to
the above methods, they are scal e-invariant—meaning they show the same result regardless of any monotonic
transformations of the variable of interest—and they capture differencesin the tails as readily as they do differences
in the center of the distribution.

The Effects of Congestion Tolls

Congestion tolls have long been proposed as a simple means of improving the economic efficiency of roadways.
According to prevailing theories of roadway dynamics, as traffic demand approaches aroadway’ s capacity, overall
traffic speeds decrease. The resulting increased travel times are externalities of individual motorists’ decisionsto
take a particular roadway, since their decisions neglect the travel time costs on other users. Consequently, the user-
equilibrium traffic distribution is distinct from the globally optimal traffic distribution. Congestion pricing systems
have been proposed to charge motorists for the difference between the user cost and the full social cost of the
decision to take a particular roadway, thereby bringing the user equilibrium and the global optimum into
convergence. The literature largely agrees on the efficiency benefits of atheoretical first-best congestion pricing
system, as well as of a more feasible second-best system that is subject to various unavoidable distortionsin how the
transportation system is priced. However, the theoretical arguments on the equity impacts of congestion have been
varied.

“ Congestion Pricing is Progressive”

Assummarized in Eliasson & Mattsson (1), most arguments regarding the equity effects of congestion pricing have
supported the notions that the positive and the negative effects of congestion pricing favor either higher-income
individuals or lower-income individuals. Progressive effects have been supported by Foster (7), arguing that higher-
income individuals are those most likely to be affected by atoll, since they choose to drive private cars more often
and they tend to have a home-to-work trip originating in the suburbs and ending in the central city. This overall
result was borne out in a study by Santos & Rojey (8), although they note that there are a small number of individual
cases where low-income payer would experience regressive effects.

“ Congestion Pricing is Regressive”

The literature supporting regressive effects of congestion pricing is much broader. For example, in several
theoretical studies using a queue-based congestion model with commuters that are heterogeneousin their travel time
and delay costs, Arnott et al found congestion pricing to be regressive, favoring those that value travel time the most
and value taking the trip the most (9-11), confirming several earlier studies' findings of regressive effects (12-14).
More recent work by Raux and Souche (3) also confirm these results. However, all of these studies disregarded the
redistributive effects of toll revenue usage, which could significantly alter the equity results, as found by Small (15).
Small’s study found that benefits under several refund schemes could benefit all income levels, although once travel
time benefits are accounted for (which may be equal acrossincomes), higher-income groups will continue to enjoy
the greatest benefit, due to their higher value of time.
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Eliasson & Mattsson (1) argue that the variation in the above evidence can be explained by differencesin
two key factors: the initial set of travel patterns, and the scheme used for redistributing collected tolls. This latter
point is supported by the theoretical arguments set forth by Mayeres & Proost (16). However, Giuliano (4) argues
that redistribution cannot resolve all equity concerns due to individual - and household-level variation in flexibility
with respect to alternate modes or work schedules.

Eliasson & Mattsson (1) also note that the magnitudes of differencesin effects for different income levels,
as observed in past studies, is far surpassed by the magnitudes of incomes themselves, implying that whatever
progressivity or regressivity exists would be quite small. Instead, they approach the question of equity by comparing
average net effects on discrete or discretized demographic dimensions, regardless of the exact initial income level.
These dimensions included gender, employment status, family type, geographic area of residence, and three income
groups that represent equal proportions of the sample.

RESEARCH QUESTIONS

This study expands on the equity analysis conducted by Eliasson & Mattsson by revisiting the question of the
Stockholm congestion pricing plan’s progressivity/regressivity through the use of median polarization indices and
relative distributions. The polarization indices can give us a more rigorous indication of whether apolicy’s
redistributive effects, apart from its overall effects, tend to increase or decrease polarization between the best-off and
worst-off individuals. These indices are of course useful because they summarize the polarization effect in asingle
number. However, this number may still fail to identify important features of the effect. To help usidentify these,
we will also examine the graphic estimates of the relative distributions’ probability density functions.

This study is organized around a set of three research questions:

1. Will Stockholm’s congestion pricing plan have the same distribution of welfare levels as that which is already
exhibited in the distribution of prior incomes? Put another way, how does the plan change the distribution of
individuals' actual welfare levels?

2. After accounting for aggregate effects (as represented by the distributions” medians), will Stockholm’s
congestion pricing plan will have the same distribution of welfare levels as that which is already exhibited in the
distribution of prior incomes? Put another way, how does the plan redistribute individuals' welfare levels
relative to each other?

3. When compared to prior welfare levels, will Stockholm'’s congestion pricing plan have neither a progressive nor
aregressive effect on welfare levels of greater Stockholm residents? Put another way, how does the plan affect
the objectively-measured polarization between high- and low-welfare individuals, relative to each other and
regardless of overall improvements or diminishments?

Question 1 will be examined by estimating the relative distributions between before and after conditions for
the entire sample. Question 2 will use the median-adjusted versions of these relative distributions. Finally, Question
3 will be examined using Mean Polarization Indices (MRPs).

CASE STUDY: STOCKHOLM’S CONGESTION PRICING PROPOSAL

The Municipality of Stockholm and the Swedish national government are planning a 12-month, full-scale test of
congestion pricing for central Stockholm. While the proposal has changed as it progresses through planning stages,
the one modeled here consists of time-differentiated toll levels during most of the day, collected along two cordon
lines. Since the plan on how to use the collected revenues has still been under active discussion, three different
reallocation plans were identified for analysis, along with a fourth hypothetical plan where no reallocation occurs.

Toll Collection Scheme

The proposal defines two cordon lines: the first around the central city area, crossing several major entrances where
fees would be collected, and to charge atoll that varies among multiple fee level s depending on fixed time periodsin
the day, and the second along the Lake Méaaren/Baltic Sea waterway that separates the north side from the south
side. The exception to thisis that no tolls would be collected on the Essingeleden highway, which is the westernmost
crossing over Lake Méalaren and constitutes a segment of the partial ring highway surrounding the central city. The
level of the tolls would vary between 15 Swedish Crowns (SEK) during peak hours (7-9 am. and 4-7 p.m.) and 10
SEK during midday hours (9 am. to 4 p.m.). No tolls would be collected during the nighttime hours of 7 p.m. to 7
am.
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Reallocation Scenarios

Some of the disagreement in the literature regarding congestion pricing’s distributional effects may be attributable to
whether, and how, collected revenues are reallocated to the population. To investigate this further, the effects of the
congestion pricing scheme were analyzed both in isolation and with one of three allocation plans. The four scenarios
are summarized in Table 1, along with how they were operationalized and what progressivity or regressivity we
should expect to come from the reallocation itself. Note that we are considering travel demand to be inelastic to the
reallocation scheme.

Data Summary

In an earlier study (17), travel choice probabilities and costs were computed using atravel model for a sample of
2,893 adult travelers residing within Greater Stockholm, of whom 1,423 were male and 1,470 were female. The
sample had an overall median household income per adult of 165,700 Swedish Crowns (SEK) per year and a
maximum of 2,732,000 SEK per year. At June, 2004 exchange rates, these translate to approximately US$22,000
and US$363,000 per year, respectively. The median incomes per adult for males and females, respectively, were
187,200 SEK per year and 149,900 SEK per year.

It isworth noting that 173 individuals in the sample, or 6.0%, had a zero household income per adult. Since
the reason for thisis unknown, we cannot say whether these individuals actually have an extremely low initial
welfare level. It may be that they actually do have zero income; conversely, it may be that they simply report a zero
income for tax reasons, and in fact receive substantial income from unconventional sources. In either case, we
cannot consider income to be areliable indicator of welfare for these individuals. Consequently, those data are
excluded from the analyses below that depend on estimates of total welfare.

METHODOLOGY

Transportation Modeling

The data on each individual’ s predicted welfare, both with and without congestion pricing, were generated using the
SAMPERS travel demand model for Greater Stockholm (18) as a means of computing travel times, together with a
separate system of logit models for decisions on travel mode and destination choice, estimated separately for men
and for women, and for work trips and non-work trips (17). Sample enumeration was used to produce a population-
weighted sample of estimated choice probabilities, travel costs, and travel times for each combination among five
travel modes and 20 destinations (one destination as observed and 19 others sampled from the entire set of
transportation analysis zones). Individuals welfare calculations included changes in travel costs and travel times for
each mode, subject to the probability of taking each mode, where the value of time varied by gender, income, and
purpose of the trip.

The “Rule of Half” was used to estimate the changes in welfare levels for each individual between the two
scenarios, with and without the congestion pricing program. This estimation procedure uses the assumption that
travel demand changes approximately linearly at small changesin prices and travel costs, such that the welfare
change can be estimated by computing the trapezoidal area under the demand (or choice probability) curve. This
reduces the data requirements from knowing the entire shape of the demand curve, to only knowing its locations for
the two scenarios being compared. The net welfare, under each of the reallocation scenarios, was added to the
baseline welfare level, for which reported income was used as a proxy.

Relative Distributions

The fundamental comparison tool used in this study is the relative distribution, which is treated thoroughly by
Handcock & Morris (19) for application to the socia sciences, but has roots as early as Parzen’s closely related
comparison distribution (20, 21). We begin by considering two random variables, Y, and Y, which represent the
probability distributions for some attribute, such as welfare, of two distinct populations. Those popul ations may
actually be the same individuals, but under different conditions, such as a different policy scenario. Thefirst, Yo,
represents areference distribution, and acts as a base for comparison. The second, Y, represents the comparison
distribution. Respectively, these two random variables have cumulative distribution functions (CDFs) given by Fq
and F, and probability density functions (PDFs) given by fy and f.
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Using these two probability distributions, we can define the relative distribution as arandom variable
generated by atransformation of the comparison random variable Y through the CDF of the reference random
variable:

R?F, %", D

where: R = the relative distribution,
Fo, = the CDF of the reference distribution, and
Y = the comparison distribution.

The relative distribution’s random variable can be interpreted as producing quantile levels that data drawn
from the comparison group would have if they had come from the reference group. Hence, with R's output being
guantiles, they can hold values from 0 to 1.

Therelative distribution’s CDF can be expressed as:
Gri? FF T2 F Q%% 02r21, )

where:  F(y) = the CDF of the comparison distribution,
Qo(r) = the reference distribution’s quantile function, and
r = aquantile level from the reference distribution.

We obtain the relative distribution’s PDF by deriving Equation 2, giving us:

r r

g2 1Yt 50390, 3)

fO "&/r ?
where:  g(r) =therelative distribution’s PDF,
f(r) = the comparison distribution’s PDF,
fo(r) = the reference distribution’s PDF, and
y; = values of the reference distribution at quantiler.

The PDF of therelative distribution will be the focus of our results. As suggested by Equation 3, the shape
of g can be interpreted as a density ratio, between the probability density functions of some characteristic of two
distinct populations. The ratio is evaluated as a function of the quantiles, r, of the reference distribution. Its support
includes quantiles of the reference distribution from zero to one, and it can take on values ranging from zero to,
asymptotically, +? . Values of zero arise where the comparison distribution has zero density. High positive values
above arise where the comparison distribution has positive density but the reference distribution has nearly zero
density. The relative density takes on values of one where the probability densities of the two distributions are equal.
For two probability distributions that are completely identical, the relative distribution takes on a value of one across
its entire support from 0 to 1.

The relative distributions were estimated from the simulated sample data using aweighted local likelihood density
estimation with kernel weighting of the observed data. See Handcock & Janssen (22) for more details.

Median-Adjusted Relative Distributions

To examine redistributive effects independently from aggregate changes in magnitude, it is useful to decompose the
relative distribution into two comparisons; one that represents changes in location, and another representing
location-controlled changes in shape. To do this, we denote an intermediate random variable, Yq, which produces
valuesidentical to the reference distribution, except that the values are all shifted upward or downward by some
constant value such that the distribution’ s median matches the comparison distribution. In other words, the random
variable, its CDF, and its PDF, respectively, can be defined as:
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Yo ?2Y, 22, 4
FoL Yy ? F,y? 2%, and (5)
f, 1y ? fly?22% (6)

where:  ? ?Q11?Q,"L" = the difference in medians between the two distributions.

Using Y, Yo, and Yq, we can now define two intermediate relative distributions, the first representing
differencesin location and the second representing residual changes in shape:

R 2F, %Y, "2 F,%, 22" and )

R, ?Fy Y12 F, ¥ 22" (8)

Thefirst of these, R, represents the relative distribution between the original reference distribution and

the median-adjusted reference distribution. In other words, it captures the changes in density due only to an overall
shift in magnitude. The second of these, R, , represents the remaining differences in shape.

The three relative distributions we have now defined (R,, R, , and R") can be related to each other in
terms of probability density functions, as defined in Equation 3:

Oo 1?2 g2 gy p" 9)

" f':y,':,) fOL':y,':,) f':yr':

f0%/r 7 fo%’r? . fOL%/r ?’

where r = the quantile in the reference group for agiven value y,, and
p = the quantile in the location-adjusted reference group for the same valuey,.

(10)

In this study’ s results, we will focus only on the complete relative distribution, Ry, and the median-adjusted
relative distribution, Ry . Changesin location will be reported simply as the differencesin medians (?).

Polarization Indices

While the graphical estimates of relative distributions are instructive on a policy’ s redistribution patterns, it remains
useful to summarize regressive or progressive tendencies using a single metric. To do this, we use indices of relative
polarization (19). The polarization indices are computed based on the median-adjusted relative distribution.
Consequently, they indicate the relative polarization that results only from changes in the distribution’ s shape,
regardless of any aggregate changes in welfare. We start with the Median Relative Polarization (MRP) Index of a
distribution Y, relative to a baseline distribution Yy, which indicates the polarization across the entire distribution. It
can be expressed either using expected values of the distribution’ s distances from one-half, or using an integral area
calculation for the distribution’s PDF:

MRPY;F, 22 4E"[R, 24| 212 49 23[9, #r 21 (11)

where E: i =the expected value function,
R, ? Fy Y2 F, ¥ 2 22 the median-adjusted relative distribution of the comparison

distribution, Y, to the reference distribution, Y, and
go(r) = the PDF of the median-adjusted relative distribution.

As suggested by the integral form above, relative polarization indices are essentially weighted measures of
the area underneath the relative distribution’ s density curve. The weighting is such that areas near the center of the
curve are weighted the least, and areas near the tails are weighted the greatest. As aresult, the polarization index will
be high when the tails are high but the center is low, indicating a probability density that is dispersing from the
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median in the comparison distribution, when compared to the reference distribution. In the case of changing
incomes, this would be anal ogous with “the rich getting richer, the poor getting poorer”. The polarization index will
be low when the tails are low but the center is high, indicating convergence of valuesin the population, or increasing

equity.

The polarization indices indicate the level of polarization in the comparison distribution, relative to the
reference distribution. An MRP value between 0 and 1 indicates greater polarization, while a value between -1 and 0
indicates less polarization. In the social sciences, greater polarization can be interpreted as indicating a regressive
difference between the distributions, while lower polarization can be interpreted as indicating a progressive
difference.

We can also consider the two tails of the relative distribution curve in isolation by conditioning our
definitions on the quantile levels. Using this approach, the Lower and Upper Relative Polarization Indices (LRP and
URP) are:

r ¢ 5
LRPH; F, 72 4E¢Ry 24| [Ry. 24121289l 24g, T Ur 21
1 (12)
URPF;F, 22 4E0R, 24| IR, 2121287 24/g, 32 21

The tail-specific indices, LRP and URP, indicate the degree to which the upper and lower halves of the
distributions contribute to the overall polarization or de-polarization effect. Aswith the MRP, their values range
from-1to 1, and are interpreted similarly with regard to progressivity and regressivity. The three indices have the
useful property that they can be related to each other by a simple linear average:

MRP?:;FO??%LRP?:;FO??%URP?:;FO? (13)

The MRPis estimated using a set of quasi-relative data generated for a comparison between the reference
group and the estimated-median-adjusted comparison group. For more details, see Handcock & Janssen (22).

Note on Inference for Simulated M odel Results

When applying these methods to empirical data, it is appropriate to quantify the uncertainty associated with their
estimates, giving an indication of what the probability is that the variation observed is due not to the theorized
relationship, but rather to the effects of unobserved factors. In this application, however, we are smulating data
using aknown, albeit complex, modeling system. While we may not know what the full set of results will be, we can
say that those results will be based on factors under our observation.

Because of this, we can interpret the results of the relative distribution and polarization index estimates
without concern for random disturbances, since the two samplesin each of those cases have identical members, and
it isonly the scenario that is different between the two distributions. Hence, no confidence measures are shown.
There isindeed uncertainty in these estimations, but that uncertainty is embedded in the travel model’ s internal
stochasticity, in the uncertainty of its behavioral parameters, and thus in the estimated welfare values. Due to the
complexity of the travel model, confidence intervals are not directly obtainable for the estimated welfare values
through analytical means, and computational means have not yet been used due to processing time demands.
Consequently, we can make useful observations about the shapes of these relative distributions and the values of the
polarization indices, but we cannot yet reject null hypotheses with any specific level of certainty.

RESULTS

The overall results are shown in Table 2. We start by examining the proportion of the sample with anet gain or a net
loss. The first scenario, in which there is no reallocation of collected toll revenue, has a median at zero but has
asymmetric tails: the tail below zero is thicker than the tail above zero, suggesting there are fewer winners (27%)
than losers (73%). Since revenue is disappearing in this scenario, this result makes sense; it is only when collected
revenue is redistributed in some way that the winners outnumber the losers.
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In the second scenario, each individual receives an equal share of the toll revenues. This movesthe
probability density function to the right by a fixed amount, preserving its shape but making most Stockholmers
winners (73%) instead of losers (27%) — the opposite proportions as in the No Refund scenario. The third scenario’s
transit subsidy benefits individuals bi-modally, probably reflecting the divergence between benefits for those who
predominantly use transit versus those who predominantly use automobiles to take trips. The last scenario’s
reallocation according to income has a broader distribution of impacts, since the refund in that case is proportional to
an individual’s prior income level, thus varying from person to person.

Question 1: Redistribution of Welfare

To start examining the redistributive effects of the congestion pricing plan on actual welfare levels, we graph the
estimated relative distribution curves for each scenario, as shown in Figure 1. These curves show us how each
scenario’ s probability density compares to the probability density without congestion pricing — which parts of the
original distribution’s range has been made more dense with individuals, and which parts |ess dense. Note first that
the y-axis includes only avery narrow range of values, al in close vicinity with unity. Thisis because the relative
distribution line itself is very close to unity across its entire range, suggesting that the welfare distributions are
nearly equal across the four scenarios. However, even at this narrow range the results have interesting properties.

First, the No Refund scenario has a decreasing function over its entire length, indicating that the overall
distribution of total welfare is more concentrated at the low end and less concentrated at the high end, when
compared to the total welfare values without congestion pricing. As expected, because tolls are being collected but
not returned in any way to the population, welfare values decrease.

The Lump Sum and Transit Subsidy scenarios both show concave functions with a slightly upward tilt.
This suggests a combination of an increasein overall welfare and a concentration of welfare, or decreased
polarization. The Tax Reduction scenario, on the other hand, exhibits a dightly upward-tilting convex curve, which
an overal increase in welfare but also increase polarization.

Question 2: Median-Adjusted Redistribution of Welfare

To assess whether the four scenarios are progressive or regressive, it is useful to separate the overall changesin
magnitude across the population from redistributions around the central tendency. This allows us to observe the
redistribution of welfare levels relative to each other, rather than relative to any absolute base levels. To accomplish
this, we produce a comparison between the comparison distribution and the median-adjusted reference distribution,
which isidentical to the reference distribution in shape but has its values adjusted in magnitude such that its median
matches the comparison distribution. The resulting relative distributions, as shown in Figure 2, show the residual
changes in shape, independent of magnitude changes.

Here, the first two scenarios, No Refund and Lump Sum, show the same results: a decreasing, nearly flat
line. It is expected that these two scenarios would be identical to each other, since the only difference between them
is that the Lump Sum scenario pays a fixed amount to each individual. Since these results are adjusted by such fixed
effects, that difference disappears. Notice also that thereis little concavity exhibited in these curves, except for
possibly a slight concave-down curve. This suggests that the de-polarizing effects noticed in the curves without
median-matching may have been overstated. The polarization indices computed below may help resolve this.

The other two scenarios show clear but opposite concavities. The Transit Subsidy scenario is concave,
suggesting decreased polarization, while the Tax Reduction scenario is convex, suggesting increased polarization.
These findings are consistent with the expectations set forth in Table 1.

Question 3: Polarization Effects

To evaluate progressivity and regressivity more objectively, we compute the Mean Relative Polarization indices,
shown in the last set of rows of Table 2, which are based on comparisons using median-matched reference
distributionsin Figure 2.

As with the median-matched relative distribution curve results, the No Refund and Lump Sum scenarios
have identical polarization indices, aresult expected for the same reason: that these scenarios are only different with
respect to afixed payment, which is absorbed in the median-matching process. The polarization indices also agree
with respect to the shape of the median-matched curves. The overall index’s value very close to zero (relative to the
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other scenarios) agrees with the observation that the median-matched curves do not exhibit strong concavity of any
kind. Interestingly, however, the tail-specific indices are not so close to zero but have opposite signs. These results
suggest some redistributive effects within each tail that cancel each other out in the overall index and in the
smoothed relative distribution curves. Without a larger sample, however, it is difficult to discern these smaller
redistributive effects.

The third scenario, Transit Subsidy, has the lowest (i.e. most negative) median polarization index,
suggesting that this scenario is the most progressive of the four overall. Aswith the first two scenarios, however, the
tail-specific indices are opposite and larger in magnitude than the overall median polarization index, suggesting
some other redistributive effects within each tail.

Thelast scenario, Tax Reduction, has a positive Median Polarization Index, suggesting increased
polarization of high and low welfare individuals. Thisis exactly what we expected of areallocation plan that
benefits individuals in proportion to their incomes, thereby intensifying the existing dispersions of income. The
same opposite results in the tail-specific indices exists here as in the other three scenarios, but now the magnitudes
are reversed: the lower tail’ s regressivity is greater than the upper tail’s progressivity.

CONCLUSIONS

This study set out to examine three questions concerning the overall redistributive effects, median-matched
redistributive effects, and objective polarizations of the overall population under each of four reallocation scenarios.
While no confidence levels could be established due to technical limitations of the travel model system, we can
make two general comments about the aggregate-level progressivity or regressivity. First, the magnitude of
redistribution of welfare due to congestion pricing is very small compared to the total welfare levelsfor the vast
majority of the population. Second, the progressivity or regressivity that is present is strongly related to the method
of reallocating collected tolls to the general public, with the most progressive scenario being the public transit
subsidy and the least progressive scenario being the reduction in the income tax rate. Both of these conclusions are
consistent with earlier conclusions by Eliasson & Mattsson (1) and by an earlier Swedish-language report (17).

An additional interesting result is that the redistributive effects within the tails are different in each of the
scenarios. One explanation for that that is supported by the reviewed literature is that low-income households are
affected quite differently depending on whether they currently tend to use transit or use automobiles for peak-hour
trips. Thisfinding certainly warrants further investigation of the effects of the congestion pricing plan on mode-
specific sub-populations.

These results must be qualified by several important limitations:

? Thetravel modelling system cannot predict scheduling decisions in the face of congestion pricing. This
limitation means that individuals are modeled has having fewer options for how to respond than they would in
reality. With additional options, such as taking an auto trip at a late hour to avoid atall, individuals would in
general be better off, although the distribution of this flexibility is fairly unknown. It is particularly
disconcerting to exclude this effect, since one of the primary criticisms of congestion pricing is that wealthier
individuals have greater travel flexibility. This limitation suggests that the above results are conservative in their
conclusions of regressivity, and liberal in their conclusions of progressivity.

?  The absence of uncertainty estimates for the travel model’ stravel cost and choice probability estimates means
that we cannot fully quantify the uncertainty of the relative distributions and polarization indices, which are
themselves computed based on the travel model’ s outputs. Hence, none of the conclusions above can be
supported with a specific level of confidence.

?  The specifics of the congestion pricing program, as modeled, is different in important ways from the plan that is
now being considered by the Swedish Parliament. The latest proposal has no bisection cordon line, it excludes
charges for trips on Essingeleden that do not stop in the central city, and it treats trips to and from the island
community of Lidingd (whose only land connection is through the central city) quite the opposite as they were
modeled. Instead of treating Lidingd as part of the central city, such that its trips are free to the central city but
charged elsawhere, in the latest proposal those trips would be charged for entering the central city but given a
refund if they exit the central city in some other way within a 30-minute period.
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While the limitations above inhibit the validity of the resultsin judging Stockholm'’s actual congestion

pricing proposal, the results remain informative on what kinds of conclusions about equity can be drawn using non-
parametric methods.
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Scenario Description

Implementation

Expectationsfor Progressivity vs.
Regressivity

No Refund A purely theoretical
scenario where none of
thetoll revenueis

Rebates for all are set to
zero.

Since there is no reallocation of revenue, this
should reflect the character of the congestion
pricing system itself, in addition to a genera

returned to the worsening of welfare due to the disappearing
population. revenue.

Lump Sum Toll revenues aredivided Rebates are set to total Since payments are equa for al individuals, there
evenly among all adults revenue, divided by the should be no effect from the reallocation. Hence,
living in Greater total population. this should be just as progressive or regressive as
Stockholm. the No Refund scenario.

Public Transit  Toll revenues are used to

Rebates are allocated to

If, as expected, lower income individual s take

Subsidy improve public individuals in proportion public transportation more than high income
transportation throughout  to the number of tripsthey  individuals, then this plan should be more
Stockholm. take on public progressive than the No Refund scenario.
transportation.
Income Tax Toll revenues enter into Rebates are allocated to This scenario should be more regressive than the
Reduction the general fund andthe  individualsin proportion No Refund scenario, since it will send larger

income tax rate for
Greater Stockholmersis
reduced accordingly.

to their income level.

rebates to those with greater incomes.
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TABLE 2 Summary of Aggregate Results
Reallocation Scenario
Statistics No Refund Lump Sum Transit Subsidy  Tax Reduction
Welfare Changes (SEK /year)
Minimum Change -5,301 -4,872 -5,006 -5,301
Mean Change -304 +125 +145 +286
Median Change -56 +373 +180 +272
Maximum Change +4,079 +4,509 +4,270 +11,160
Winnersvs. Losers
Share with a Net Loss 73.3% 27.1% 38.3% 29.0%
Share with aNet Gain 26.7% 72.9% 61.7% 71.0%
Polarization Indices
Lower Polarization +0.0045 +0.0045 +0.0026 +0.0095
Median Polarization -0.0001 -0.0001 -0.0007 +0.0035
Upper Polarization -0.0047 -0.0047 -0.0039 -0.0025

Note: Positive indices indicate regressivity; negative indices indicate progressivity.
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