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Abstract: Using an integrated landuse and travelmodel system implemented
for the Puget Sound region in Washington state, a Bayesian Melding tech-
nique is applied to represent variations in land use outcomes, and is propa-
gated into travel choices across a multi-year agent-based simulation. A sce-
nario is considered where zoned capacity is increased around light rail sta-
tions. Samples are drawn from the posterior distribution of households to
generate travel model inputs. ey allow for propagation of land use uncer-
tainty into travel choices, which are themselves assessed for uncertainty by
comparing against observed data. Resulting travel measures of zonal vehi-
cle miles traveled (VMT) per capita and light rail station boardings indicate
the importance of comparing distributions rather than point forecasts. Re-
sults suggest decreased VMT per capita in zones near light rail stations and
increased boardings at certain stations with existing development, and less
significant impacts around stations with lower initial development capacity.
In many cases, individual point level comparisons of scenarios would lead to
very different conclusions. Altogether, this finding adds to a line of work
demonstrating the policy value of incorporating uncertainty in integrated
models and provides a method for assessing these variations in a systematic
way.
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1 Introduction

Long-range land use and transportation planning is a critical focus area for regions across the world.
Despite the many unknowns of upcoming decades, forecasting can provide some context for optimal
resource allocation to guide urban growth. In typical applications, point forecasts are generated for
specific policy scenarios or project sets to forma relative comparison of costs andbenefits. Single values
that represent unique scenarios are easily digestible for policy analysis, but the planning community
has long been aware of the limitations and concerns of relying on such simplifications given a pipeline
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of uncertainties around input data andmodel limitations (de Jong et al. 2005; Flyvbjerg 2005; Fly-
vbjerg et al. 2003, 2005;Hartgen 2013;Hugosson 2005; Salling andBanister 2009). euncertainties
of travel models (Conway et al. 2018; de Jong et al. 2005; Sumalee et al. 2009) and land use models
(Pontius Jr and Spencer 2005; Ševčíková et al. 2007; Tayman 1996, 2009, 2011) have been examined
both separately, and to a lesser degree in conjunction (Clay and Johnston 2006; Duthie et al. 2010;
Kockelman 2002, 2003; Pradhan andKockelman 2002; Rodier 2005; Ševčíková et al. 2011; Zhao and
Kockelman 2002). Wang and Kockelman (2018) give a review of uncertainty methods in integrated
land use transportation models.

is study seeks to continue this line of research by using current state-of-the-practice models and
policy scenarios to quantify uncertainties in complex integrated agent-based models. As the regional
metropolitan planning organization for the Puget Sound region of theU.S., the Puget SoundRegional
Council (PSRC) develops long-range land use and transportation policies to manage growth through
2040 and beyond. Adopted land use plans aim to concentrate new housing, jobs, and development to
regional growth centers, which are strategic nodes supported by high capacity transit. A regional light
rail, commuter rail, and bus-rapid-transit network is currently being planned and expanded to support
these land use policies. As policy updates are nowbeing considered to 2050, the specific distribution of
housing and job growth is under discussion, with decisions being informed from results of integrated
land use and travel model simulations.

Differentiating between scenarios is important to understand the magnitude of impacts policies
have in directing growth. However, differences in point forecasts without taking account of uncer-
tainty can lead to wrong conclusions. Instead, deriving differences between whole distributions of the
particular scenarios gives a more informed basis for robust policy decisions.

In this paper, we consider a hypothetical sensitivity test of growth allocation to light rail stations via
zoning changes to allowdenser development. In particular, we double the allowed residential and non-
residential density in areas around current and future light rail stations. e goal is to make a robust
comparison between the scenario and the baseline under the consideration of uncertainty. We assess
uncertainty in the land use model forecast using the BayesianMeldingmethod (Ševčíková et al. 2011)
and propagate it into travel model outcomemeasures of vehicle miles traveled and light rail boardings.
As a result, we obtain a posterior distribution of differences between the scenario and the baseline.
Propagating land use uncertainty derived via an established statistical method into an activity-based
travel model operating on very disaggregated level of geography, namely parcel, is a novel approach.
Note that the scenario considered here is taken as a rather extreme policy compared to actual proposed
alternatives and is considered only to illustrate themethods and ideas presented here, not as an official
representation of policy. Importantly though, the framework does represent a model system that is
currently in use, and thus provides some insight into how an analysis of uncertainty might be applied
to a real-world type of analysis.

e paper is organized as follows. Section 2 describes our integrated land use and travel models,
(known asUrbanSim and SoundCast, respectively). Section 3 reviews themethodology and describes
findings from prior studies. Section 4 contains the core of this paper. It describes our application,
including the data and method we use, followed by the results. Section 5 concludes the paper and
gives suggestions how we plan to extend the study to gain more insights into applications of this type.

2 Integrated Land Use and Travel Model

e modeling framework used for this work is an integrated land use model, UrbanSim, combined
with a travel model, SoundCast. PSRC employs these models for long-range forecasting and scenario
planning purposes for the greater Seattle region with forecast horizons of 30 or more years.
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2.1 UrbanSim

UrbanSim (Waddell 2002) is an urban simulation model operational in several urban areas in the
United States (Waddell 2002, 2007, 2010, 2011) and Europe (Felsenstein et al. 2010). e system
is implemented as a set of interacting agent-based models that represent the major actors and choices
in the urban system, including households choosing residential locations, business choices of employ-
ment location, worker choices of jobs, and developer choices of locations and types of real estate devel-
opment. emodel systemmicrosimulates the annual evolution in locations of individual households
and jobs, including the connection between them, and the evolution of the real estate within each in-
dividual geography as the result of actions by real estate developers. It uses regional control totals for
number of households and jobs obtained from external sources.

We use a version ofUrbanSim that is a part of theOPUS framework, orOpen Platform forUrban
Simulation (Waddell et al. 2005, 2015), whose modular structure allows the application to be easily
adapted to regional conditions. e models are summarized in Table 1.

Table 1: UrbanSim models in the PSRC application.

Model Method Description

Real estate price hedonic regression Predicts prices of parcels.
Expected sale price hedonic regression Predicts prices of possible real estate proposals.
Development proposal choice weighted random sampling Chooses real estate proposals to be built (including

redevelopment) based on the expected sales prices
of proposals.

Building construction rule based Demolishes buildings (for redevelopment) and
builds new buildings according to the chosen
proposals.

Household transition random sampling Creates and removes households. It is driven by
macroeconomic predictions which provide regional
control totals for households grouped by their
characteristics.

Employment transition random sampling Creates and removes jobs. It is driven by macro-
economic predictions which provide regional control
totals for jobs grouped by employment sectors.

Household relocation weighted random sampling Determines households for moving.
Household location choice multinomial logit with Locates moving households into buildings.

random sampling of alternatives
Employment relocation weighted random sampling Determines jobs for moving.
Employment location choice multinomial logit with Locates moving jobs into buildings.

random sampling of alternatives
Work at home choice binary logit Simulates workers decision to work at home or

out of home.
Workplace relocation rule based Simulates workers decision to change job.
Workplace choice multinomial logit with Assigns workers to jobs.

random sampling of alternatives

ere are many sources of uncertainty in a model of this type, and the column Method in Table 1
includes some of them, such as stochasticity due to random sampling or errors in estimated parame-
ters in regression and logit models. In addition, imputation and possible biases in the input data or
uncertainty in the structure of the models all contribute to the overall uncertainty.

2.2 SoundCast

SoundCast is an activity-based travel model that simulates individual travel choices across a typical
weekday for all persons and households in the region. Travel choices range from long-term models
such as the number of vehicles owned per household to daily decisions such as destination choice,
mode choice and route selection for individual trips. e sum of these choices yield travel demand
measures such as traffic volumes on roads by time of day, transit boardings, and othermeasures that can
be evaluated and compared to scenarioswith changes in landuse patterns, transportationnetworks, ac-
cessibilities, and pricing policies. SoundCast choicemodels use parcel-level input data fromUrbanSim
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such as household and job locations in conjunction with roadway network and transit service infor-
mation to simulate choices that represent a typical workday in the Puget Sound region (Bowman and
Bradley 2014). As an activity-based travel model, SoundCast is a state-of-the-practice tool for project
evaluation and scenario comparison for regional land use and transportation planning. SoundCast
was used to measure project impacts for PSRC’s Regional Transportation plan in 2018 (Puget Sound
Regional Council 2018) as well as long-range land use planning for PSRC’s Vision 2050 process.

As with UrbanSim, SoundCast’s models are subject to the same issues of uncertainty stemming
from logit model parameter estimation and random sampling used to simulate discrete choices from
probability distributions (Castiglione et al. 2015). SoundCast is designed to reduce simulation error
by iteratively updating demand choices with network accessibilities until changes stabilize, but for
large regional-scale models, perfect convergence is not always practically achievable due to longmodel
run times. Recommended convergence parameters were employed for this test (Gibb and Bowman
2007), as used for production-level scenario analysis, but there is likely still some uncertainty due to
this iterative process.

2.3 UrbanSim× SoundCast Integration

Most land use and travel models used for regional planning require some level of integration by defini-
tion; land use decisions are oen dependent on travel accessibility, while transportation decisions are
dictated by the accessibility of nearby activities and opportunities. e models are highly interdepen-
dent such that the input of a travel model is the output of a land use model, and vice versa. Aggregate
decisions people make as a result of changes in the built environment will directly affect their travel
patterns and subsequently affect location decisions and the built environment. For example, a new
office development draws traffic, but accessibility may be diminished over time as congestion grows,
leading to changes in destination and location decisions.

In reality, these choices are tightly coupled, such that impacts to land use patterns could happen
rather quickly, on a model scale of months or years. In practice, the data exchange between land use
and travel models is less frequent as used by PSRC. At best, land use accessibilitymeasures are updated
around 10 to 15 model years by running the travel model before proceeding with land use forecasts,
or perhaps only for a final forecast year. For PSRC, a full SoundCast run requires up to 24 hours to
reach an acceptably equilibrated solution for travel demand. In settings required for policy analysis,
UrbanSim’s run times require up to 24 hours for a 30-year forecast. Together the total run time of a
full-scale integrated run consumes at least 4 days (not counting time required to produce and compare
results). Given the exceptional growth and myriad of projects scheduled for the region within this
planning horizon, it’s likely that travel measures should be updated as oen as every 5 years, which
would bring this type of run to 8 days. Clearly, this is impractical for testing numerous scenarios and
responding nimbly to requests from policy makers in context of shaping and comparing scenarios.
Even at half this run time, the potential accuracy from tighter model integration is rendered moot by
the practical limitations of computer hardware and perhaps less than optimal soware design.

Given such constraints, introducing the impacts of uncertainty through repeated simulations of
the entiremodel suite is not feasible. erefore, understanding uncertainty around outputs for bench-
mark model years, as explored in this paper, is a useful and practical method for improving insight on
relative difference between policy scenarios.

3 Assessing Uncertainty

To quantify uncertainty around travel model outcomes, we first assess uncertainty around UrbanSim
outputs, using an established statistical methodology described in this section. e following section
then shows how such uncertainty can be propagated into SoundCast outputs.
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3.1 Methodology

Toassess uncertainty aroundour landusemodel, weuse amethod calledBayesianMelding. Itwas orig-
inally developed to assess uncertainty in deterministic models (Poole and Raery 2000; Raery et al.
1992, 1995). Ševčíková et al. (2007, 2011) extended the method to work with stochastic models and
adapted it to an agent-based simulation context. Yang and Guo (2019) applied the method in other
areas. Here we briefly review the method. For more details, we refer readers to the above publications.

Figure 1 communicates thebasic concept. At the startingpoint, t0, wehavedata available necessary
to run themodel. ere is a prior distribution of model inputs q(Θ) fromwhich we draw input values
Θi for i = 1, . . . , I . e model runs I times from the starting point to the present, t1, and for each
input Θi it produces as output the quantity of interest, Φi . Time t1 is defined as a time point for
which we have observed data available. We use the observed data, denoted by y , to estimate themodel
bias and run-specific variance, denoted by a and σ2

i , respectively. Furthermore, we compute a weight
wi = L(Φi ) for each inputΘi , where L(Φi ) is the likelihood of themodel outputs given the observed
data, L(Φi ) = Prob(y|Φi ). For each of the I runs, the model is run forward until a future time, t2,
for which we make a prediction. e result is denoted by Ψi . Combining the bias, variance and the
weights with model outputs yield the posterior distribution ofΨ.

Figure 1: Illustration of the Bayesian Melding method.

e underlying statistical model is defined on the level of geography on which observed data y
is available, here indexed by k , and for each quantity of interest, indexed by l , while i indexes the
simulation run. en the model is defined as

(yk l |Θ=Θi ) = µi k l + al + εi k l , where εi k l
iid∼N (0,σ2

i l ), (1)

for i = 1, . . . , I , k = 1, . . . ,K and l = 1, . . . , L. e quantityµi k l is the expected value of yk l under
the model givenΘi , εi k l denotes the model error, and al is the overall bias in the model predictions
of the l th output. We can estimateµi k l by the predicted value of yk l which is the model output at t1,
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Φi k l . en the bias and variance are estimated as

âl =
1

I K

∑
i ,l

(yk l −Φi k l ), and (2)

σ̂2
i l =

1

K

∑
k

(yk l − âl −Φi k l )
2 . (3)

is yields a conditional predictive distribution of the quantities of interest:

yk l |Θi ∼N (âl +Φi k l , σ̂
2
i l ) (4)

with weights computed as

wi ∝ p(y|Θi ) =
L∏

l=1

K∏
k=1

1q
2πσ̂2

i l

exp

−1/2(yk l − âl −Φi k l )
2

σ̂2
i l

 . (5)

e bias, variance and weights in Equations 2, 3, and 5 are estimated at time t1. e marginal
distribution of the l th quantity of interest,Ψk l , in the future time t2 is given by a mixture of normal
distributions:

π(Ψk l ) =
I∑

i=1

wi N
�

f a
l (âl )+Ψi k l , f v

l (σ̂
2
i l )
�

, k = 1, . . . ,K , l = 1, . . . , L (6)

Functions f a
l

, f v
l

determine how the bias and variance of indicator l are propagated over the time
period [t1, t2]. is can be done for example by applying propagation factors estimated in prior stud-
ies, as was done in Ševčíková et al. (2015).

In order to stabilize the variance in Equation 4, oen themodel results need to be transformed to a
different scale. In caseswhere the quantity of interest are counts (which is the case of our application), a
square root transformation is oen a good choice. In such a situation,Φi k l =

Æ
Φr

i k l ,Ψi k l =
Æ
Ψr

i k l

and yk l =
Æ

y r
k l whereΦr

i k l
andΨr

i k l
are the rawmodel outputs at t1 and t2, respectively, and y r

k l
are

the rawobserveddata at t1. emarginal distributionπ(Ψr
k l
) is derivedby applying the corresponding

inverse transformation toπ(Ψk l ).

3.2 Prior Studies

In Ševčíková et al. (2007), the method was applied to one land use indicator only, namely the number
of households. A posterior distribution of household counts was derived for each of the 295 Traf-
fic Analysis Zones (TAZ) in the Eugene-Springfield, Oregon region and their aggregates. e study
compares the Bayesian Melding results to a distribution formed by multiple runs only, i.e. without
applying the Bayesian Melding methodology. One of the conclusions is that multiple runs greatly un-
derestimate the uncertainty inmodels of this type, while BayesianMelding yieldwell calibrated results.
It shows that simply repeating simulations, even with varying inputs, does not account for all uncer-
tainty. For example, multiple runs would not account for uncertainty due to model structure, while
Bayesian Melding does.

While the previous study used a sole land use model, Ševčíková et al. (2011) applied the method
to an integrated land use & travel model framework for the Puget Sound Region, and propagated the
land use uncertainty into the travel model outcome of travel time. e question of interest was how do
the travel times on selected routes changewhen amajor highway in the region, namely theAlaskanWay
Viaduct in Seattle, is removed fromthenetwork. A4-step travelmodelwas usedwhich takesTAZ level
inputs on households and jobs by sector. ese inputs were sampled from the posterior distribution
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resulting from applying the Bayesian Melding method to the land use model outputs. On the travel
model output side, using validation data on travel times for the selected routes, a bias correction was
made and the assessed variance was added to the final travel times, yielding a distribution of the travel
times for each route. ese were then used to derive a distribution of the differences in travel times
between the two scenarios.

Ševčíková et al. (2015) shows how BayesianMelding, developed in an academic environment, has
been integrated into an official land-use forecast published by the PSRC. It targets practitioners, such
as planners and policy makers, to provide a step-by-step recipe to assess uncertainty about forecasted
quantities. Only uncertainty about the land use model is considered.

4 Uncertainty in Integrated System

We now demonstrate the assessment of land use uncertainty and its propagation into travel model
outcomes using an example. In our application, we seek to assess the impact of a zoning change on
travelmodel outcomeswhile accounting for uncertainty. More specifically, we compare a base scenario
to a scenario in which we double the development capacity around light rail stations. By propagating
the land use uncertainty into the activity based travel model, we aim to obtain distributions of vehicle
miles traveled and light rail boardings.

us, we setup the following scenarios:
Base: e zoning dataset corresponds to the currently adopted future land use layer.
TOD: e zoning dataset is modified so that future structures in light rail TOD (transit oriented de-

velopment) buffers are allowed to accommodate twice as many households and jobs than the
Base zoning allows. In addition, the capacity of current structures in these buffers is doubled.

4.1 Data

Our UrbanSim simulation begins in 2014. For this base year, t0, we have a detailed (parcel-level) in-
formation on households, population, jobs and existing real estate. Our ”present” time, t1, is 2018, for
which we have observed number of households (yk) on the census block group level, k = 1, . . . , 2645.
We set the target year, t2, to be 2040.

Our inputs to the travel model include a 2040 network, which has all future light rail stations
included. We identified all parcels that are within one mile buffers from these stations, measured via
network distance. ese are the parcels affected by the TOD scenario where development capacity is
increased.

For assessing uncertainty of the travel model itself, we compare observed and modeled values of
vehicle miles traveled on the Forecast Analysis Zone (FAZ) level in the base year, as well as boarding
counts for all current light rail stations.

4.2 Method

e process is depicted in Figure 2. First, we run UrbanSim from 2014 to 2040 ten times (I = 10).
For each of those runs we varied its inputs in terms of model coefficients, mobility rates and random
seed. Following Ševčíková et al. (2007), coefficients and rateswere sampled from anormal distribution
where the center and spread was determined by the estimated values and the standard error, respec-
tively. Using the observed data yk andmodeled outputsΦi k at 2018, we obtain wi and σ̂i (Equations 5
and 3). Note that in this exercise, we use the number of households as the single quantity of interest.
us, L = 1 and we omit the index l for simplicity. Also note that we will condition our results on
the external control totals and therefore set the bias a to zero.

Using the model output at 2040, Ψi k , we now have all components we need to construct the
posterior distribution for the number of households in each census block group,π(Ψk ) (Equation 6),
depicted in Figure 2 by the box plots on the top.
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Figure 2: Propagation of Bayesian Melding results into SoundCast.

To prepare land use inputs for SoundCast (SC), we now sample fromπ(Ψk ), say
(ψ1, . . . ,ψK )

1, . . . , (ψ1, . . . ,ψK )
S . Each of the black dashed arrows in the figure corresponds to one

such set of sampled values (which are scaled to sum to the regional control total) and represents one
possible set of land use inputs. ere are two additional aspects that need an attention:

1. Since SoundCast operates on the parcel level, the sampled values have to be disaggregated from
census block group to parcel. To do this, we randomly couple each of the S samples with one of
the I UrbanSim runs and derive corresponding parcel-level scaling factors.

2. e person-jobs relationship established in the workplace choicemodel ofUrbanSimmight get
invalidated while sampling (households might get removed or new households added). us,
the workplace choice model is re-run on the coupled UrbanSim runs, using the corresponding
sample of number of households.

is post-simulation processing is depicted in the figure by the brown dashed arrows. SoundCast
then runs on each of the post-processed samples for 2040 which yields S runs. We use S = 10 for each
scenario.

Using the empirical variance estimated from the observed data of VMT and boarding counts (see
below), and using the SoundCast results from the S runs, we can construct a posterior distribution of
VMT and boarding counts (red arrows in the figure).

To estimate the empirical variance of VMT, we compare the observed and modeled VMT on the
FAZ level in the base year. We find that a square root transformation gives the best fit with regards
to constant residuals, see Figure 3. While the bias is negligible, the standard error is 112.1. us, the
resulting VMT can be written as a vector

V M Tk = (V 2
1,k ,V 2

2,k , . . . ,V 2
S,k ) where (7)

Vs ,k ∼ N (
p
τs ,k , 112.12) for s = 1, . . . , S .

Here, τs ,k is the VMT in FAZ k modeled by the s -th SoundCast run.
To estimate the empirical variance of light rail boardings, the same procedure was followed. Using

our observed and modeled data it results in the standard error of 7.14 on the square root scale.
Having a sample from the multivariate probability distribution of the vector V M Tk , any func-

tion can be applied to it in order to obtain the distribution of other VMT related indicators. When
deriving a distribution that includes quantities that vary across SoundCast runs, e.g. land use input,
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Figure 3: Comparison of observed andmodeledVMT.Each dot represents one FAZ.eblack line is the x = y
line.

the desired function can be applied directly on the Vs ,k measures. For example, to obtain VMT per
capita (VMTC), we divide each sampled VMT value by the FAZ population. Since the population
differs in each run s , we use

V M T Ck = (V C1,k ,V C2,k , . . . ,V CS,k) where (8)

V Cs ,k = V 2
s ,k/Ps ,k for s = 1, . . . , S .

Ps ,k is the population in FAZ k used as the input for the s -th SoundCast run.
In terms of the total time required to process our model setup, with a cluster of 10 nodes, we were

able to obtain results in about 27 hours for each scenario. is includes 3 hours for oneUrbanSim sim-
ulation and 24 hours for one SoundCast run. Intuitively, the time increases linearly with the number
of nodes available.

Finally, note that our land use model training period of 4 years (from 2014 to 2018) is rather
short, making the model more uncertain, which increases the importance of assessing the uncertainty.
Whennewdata become available, theBayesianmelding quantities can be re-estimated to increase their
precision.
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4.3 Results

4.3.1 VMT per capita

Using the method from the previous section, we obtain the predictive distribution for the VMT per
capita for each of the 219 FAZes (Equation 8). In Figure 4, results are shown for the ten largest FAZes
measured on population. While the raw model results from the S runs are shown as black dots, the
distribution is summarized into 50% and 80%probability intervals depicted as whiskers and end lines,
respectively.
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Figure 4: Predictive distributions of VMT per capita for 10 largest FAZes in the region for the two scenarios,
base (red) and tod (blue). e 50% probability intervals are marked by the whiskers, while the line
ends mark the 80% probability intervals. e black dots show the point results from the model.

One of the main goals of such analysis is to determine the location and extent of any significant
variations between the two scenarios. In usual point prediction settings, we would compare a single
dot from each scenario to one another. As can be seen in Figure 4, such comparison can lead to con-
clusions that are strongly dependent on the specific runs. For example, consider the Renton Industrial
FAZ. If we would compare the Base run that results in the lowest dot on the red line with the TOD
run that results in the highest dot on the blue line, we would conclude that there is an increase of
more than 5 VMT per capita, which is an increase of more than 50% for this FAZ. However, if our
two comparing runs are the ones resulting in dots much closer together, the conclusion would suggest
almost no difference between the two scenarios. Adding uncertainty information helps in providing
more robust comparisons. e difference between the medians of the two distributions is 1.6, which
corresponds to an increase of 14% in VMT per capita.

To determine if the scenarios are significantly different we perform a two sample t -test for each
FAZ. We find that most zones that contain a light rail station and thus, are affected by the density
increase in the TOD scenario, do experience a significant decrease in VMT. ey are depicted in the
map in Figure 5 as shaded areas. FAZes with a decrease in the distribution mean of 5-10% are shown
in the lighter shading, while decreases larger than 10% are shown in the darker shade. e current and
future light rail stations are shown as grey dots.
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Figure 5: FAZes with significant decreases in mean VMT per capita. e lighter and darker shading represents
decreases of 5-10% and > 10%, respectively. Light rail stations are shown as grey dots. e map is
zoomed so that it captures most of the light rail stations.

e t -test also reveals zones that show a significant increase in VMT. is could be explained by
the land use changes introduced in the TOD scenario: Increasing density in the light rail buffers will
yield a higher concentration of jobs in those areas which might be drawn away from rural places. is
in turn will cause longer commutes for households that do not live in central areas.

Figure 6 shows the distribution of differences for zones with the largest difference between the
distribution means. FAZes with the largest decrease in VMT are shown in the le panel while FAZes
with the largest increase are shown in the right panel.

4.3.2 Light Rail Boardings

To present results of total boardings we select a light rail link between Kirkland and Issaquah shown
in Figure 5 as the purple line. is link is planned to be built by 2041, thus very close to the analyzed
2040 year. It includes stations in highly populated areas (e.g. Bellevue) as well as stations inmore rural
places. e results are shown in Figure 7. It can be seen that some stations experience a significant
increase in boardings (Bellevue TC and Main St.), while other stations might hardly be impacted by
the zoning change. e graph also shows that the probability distributions add important information
to the results. For example, for S Bellevue P&R station the point forecast might suggest there is up
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Figure 6: Predictive distributions of the differences inVMTper capita between the two scenarios (TOD -Base).
e le panel contains ten FAZes with the largest negative difference between the distributionmeans,
while the right panel contains ten FAZs with the largest positive difference. e whiskers and end
lines depict the 50% and 80% probability intervals, respectively, while the dots show the medians of
the distributions.

to 50% difference in boardings between the scenarios, depending on the runs analyzed. However, the
overlapping distributions indicate that there is a non-zero probability that there will be no increase in
the TOD scenario.

4.3.3 Joint distribution

In addition to the marginal distributions above, one can derive a joint distribution of multiple quan-
tities of interest. Here, we join the marginal distribution of differences in VMT per capita (Figure 6)
with an analogously constructed distribution of differences in boardings. Figure 8 shows the axes of
such joint distribution for stations on the Kirkland-Issaquah light rail link. e horizontal lines con-
tain 50% of the boardings difference distribution while the vertical lines contain 50% of the VMTper
capita difference distribution and the lines cross in the respective medians. e joint distribution of
the differences has an elliptical shape given by these axes, as shown for two of the stations. e graph
suggests that four of the stationswith a high probability of increased boardings also have a higher prob-
ability of decreased VMT per capita (bottom right quadrant). ere is one station (Issaquah) where
the VMT per capita has a higher probability of increase and at the same time a higher probability of
decreased boardings (upper le quadrant), but a decrease in VMTper capita and an increase in board-
ings is also likely for this station. Even though the median boardings change of Bellevue TC (ellipse
on the right) is about 2500 higher than themedian change of its neighboring station,Main St. (ellipse
in the middle), there is a positive probability that the change will be abound the same. Using distri-
bution samples allows us to quantify probabilities of this type. Here, there is a 22% probability that
the change at Main St. will be larger than the one at Bellevue TC. Similarly, there is a 30% chance
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Figure 7: Predictive distributions of total boardings for the light rail link Kirkland-Issaquah for the two scenar-
ios, base (red) and TOD (blue). e whiskers mark an area that contains 50% of the distribution,
while the line endsmark the 80% probability intervals. e black dots show the point results from the
model.

that both stations will have an increase in boardings of more than 2000 and at the same time have a
decrease in VMT of more than half mile per capita.

5 Conclusions and Future Work

In this paper, we have extended the work on assessing uncertainty in land use models into the travel
modeling area. In particular, to our best knowledge, propagating land use uncertainty assessed via a
statistically grounded approach into a parcel level agent-based microsimulation travel model has not
been done before. We used the land use model UrbanSim combined with methodology of Bayesian
Melding toderive predictive posterior distributions of households in 2040 for each census block group.
Sampling from these distributions and combining it with parcel-level information from multiple Ur-
banSim runs we set up multiple SoundCast runs that differ in their land use inputs consistent with
the land use distributions. e quantities of interest in this study are vehicle miles traveled per capita
and light rail boardings. In addition to the uncertainty originating in the different land use inputs, we
added a direct source of uncertainty from the travel model, using a comparison between observed and
forecasted VMT on the FAZ level and light rail boardings.

To demonstrate the practical application of the method we setup two scenarios, a base scenario
and a scenario with increased density in the light rail buffers (TOD). We showed that very different
conclusions could be reached if point forecasts are compared with no consideration of forecast accu-
racy. In one zone, without applying the presented method, the difference could be a 50% change for
one set of runs or 0% change for another set of runs, while comparing distribution medians yields a
more robust conclusion of a 14% change.

We plan to extend the study in several aspects, such as adding uncertainty on employment, adding
sources of uncertainty about travel model input parameters, or relaxing the conditioning on external
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control totals. We expect these additions to increase the spread between the simulated values. How-
ever, it remains to be seen if the distribution itself will become any wider.
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