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ABSTRACT
The impact of city-planning on mobility habits of urban dwellers
has been proven crucial to well functioning cities. Nevertheless, the
correlation between discrete urban interventions and metropolitan
scale mobility mode-choices (MC) is challenging to predict and
communicate. This paper presents the design and deployment of
’MoCho’, a real-time MC modelling, prediction and collaboration
platform. MoCho aims to predict and simulate MC of individuals in
a metro region in response to real-time urban design iterations. The
prediction models consider individual characteristics and attributes
of available alternatives and are calibrated using survey data. To
explore MoCho MC predictions, users interact with CityScope, a
compu-tangible user-interface which triggers new MC predictions
and their impacts based on interactive design of land-use, density or
spatial proximity. Finally, a distributed computational system deliv-
ers real-time predictions onto a web-based user-interface. In 2018,
a MoCho instance has been developed and deployed to simulate
MC for the Boston metro area, focusing on a 14 acres development
site in Kendall Sq. Cambridge, MA. The choice model was well
fitted and the parameters showed significant associations with a
range of explanatory variables including travel times, residential
and employment densities and personal attributes like age, gen-
der, education-level and home-ownership. Such a combination of
an intuitive TUI and well-calibrated prediction models can allow
experts and non-experts alike to participate in an evidence-based
urban design process. Code for MoCho MC model and front-end is
available here: https://github.com/CityScope/CS_choiceModels
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1 INTRODUCTION
The individual choices urban dwellers make about their mobility
and transportation behavior have profound impacts on their own
lives, as well as society as a whole. Motorized transportation leads
to negative external impacts such as carbon emissions and air pollu-
tion, whereas active mode choices (MC) such as walking and cycling
improve the physical and mental health of travelers [8, 22]. Urban
planning can influence these mobility choices and their societal
impacts by organizing spatial land-uses and infrastructure in such
a way as to encourage short trips using active modes [14, 27].

Statistical learning methods have been used successfully both in
research and in practice to predict the mode choices of travellers in
response to urban interventions such as changes in land use or road
infrastructure [5, 7, 12, 32]. Additionally, emission and epidemio-
logical models may be used to predict the health and environmental
impacts of changes in transportation behavior [19]. Recently, some
researchers have developed end-to-end models which can directly
predict the health and environmental impacts resulting from infras-
tructure or policy changes [21, 28] and models which can optimise
network infrastructure for these impacts [9].

Making predictions through statistical models generally involves
the use of either statistical computing platforms like R [15] or Stata
[10] or specialised transportation modelling software such as Sim-
Mobility [1] or Python and GIS plugins. Such platforms may carry
steep learning curves, require specialised skills and feature limited
capabilities for real-time interaction [25]. This challenges both ex-
perts and non-experts to evaluate a manifold of ’what-if’ scenarios
or to rapidly iterate on designs alternatives. In recent years, Tangi-
ble User Interfaces (TUI) have been developed to facilitate a more
collaborative process of urban design, augmented by computation
and data analytics. Examples of such TUIs are the Augmented Ur-
ban Planning Workbench [17] and The Clay Table [18] which were
designed to facilitate a collaborative urban design process. Since
2013, the City Science group at the MIT Media Lab has been devel-
oping CityScope, a collaborative urban platform which combines a
TUI with real-time predictive analytics and visualisation of urban
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dynamics. Previous CityScope instances have included capabili-
ties for modelling energy performance, accessibility of housing,
employment and amenities among other metrics [2, 23].

This paper describes the development of MoCho, a CityScope
instance which aims to allow decision-makers, planners and com-
munity members alike to experiment with different land-uses and
spatial organisations in a city district and to understand in real-
time how those designs would influence mobility behavior, MC
and other societal impacts. An application of this tool to the ’Volpe’
development project in Kendall Sq., Cambridge, MA is also reported.

2 DATA AND MODELLING
MoCho makes use of publicly available datasets and APIs which
cover all major urban settlements in the USA. This ensures that the
methodology presented here can be replicated for the vast majority
of American cities. The main resources used are listed in Table 1.
These data sources are used to generate a synthetic population of
people and to calibrate models which could predict their mobil-
ity behaviors in response to changes such as new residential or
commercial development. The modelling can be described in four
steps: (1) population synthesis, (2) home and job location choices,
(3) transportation mode choice and (4) impact assessment. Each of
these steps are outlined below.

2.1 Population Synthesis
Mobility behaviors may be analyzed using two main approaches:
(1) an aggregate approach which divides the area into zones and
predicts aggregates inter-zonal flows, or (2) using a disaggregate
approach which recognizes that urban mobility patterns are the
result of many decisions made by individuals. The disaggregate
approaches directly explain why an individual makes a choice given
their circumstances, and therefore they are better able to predict
how those choices may change in different circumstances [20]. Due
to privacy and data availability constraints, it is generally not prac-
tical to make predictions with respect to real population. Instead, it
is common practice to use population synthesis techniques in order
to produce a "synthetic population" and to make predictions with re-
spect to these individuals. The methods take individual/household-
level demographic profiles and zonal aggregate demographic data
and allocate the individual records to zones in order to create the
synthetic population. Some common techniques include Iterative
Proportional Fitting, [4, 11], convex optimisation [31] and Bayesian
methods [29]. The PUMS survey data used in MoCho include the
home Public Use Microdata Area (PUMA) and place-of-work PUMA
for each respondent where each PUMA corresponds to a set of cen-
sus tracts. In order to model commuting trips at a tract-to-tract
level, the population synthesis process needs to allocate each in-
dividual to a home and work census tract pair. A simple Bayesian
method is utilized for this purpose, using the origin-destination
flows from the CTPP data as well as aggregate demographic data
from the ACS. PUMS individuals with attributes A, home PUMA H
and work PUMA POW are assigned to an origin-destination (O-D)

pair wi j according to the probability calculated with equation 1.

P„wi j jA” / δi j
∏
a 2A

P„a jwi j ”P„wi j ”

where

δi j =

{
1; if H � i and POW � j

0; otherwise

(1)

The prior probabilities P„a jwi j ” and P„wi j ” may be obtained from
the ACS aggregate demographic data and the CTPP O-D data.

2.2 Home and Employment Location Choices
The model needed to be able to simulate the changes in home and
work locations of the population in response to edits made on the
CityScope (CS) platform in respect to land-use, density and spatial
organisation. It was assumed that when a residential or employment
unit appears in a census tract, new residents/workers appear. The
number of new people is determined by the density of the unit and
some demographic attributes (such as income or job sector) may be
determined by the unit type. It is assumed that the conditional prob-
ability distribution of the new residents’ demographic attributes
and work locations is similar to that of the existing residents of
that same tract, conditional on the known attributes. Therefore,
the new resident can be simulated by cloning a randomly sampled
person with the same home location tract and attributes from the
baseline synthetic population. A similar process is used to assign
home locations to new workers. This simple location choice can
be expected be accurate for small changes to the land-uses and
densities in a district but for more substantial changes, a more so-
phisticated model may be required. In future iterations of MoCho,
location choices will be predicted using a discrete choice model,
similar to the mode choice model described in the next section.

2.3 Mode Choices
The choice of transportation mode for each synthetic individual’s
commute needs to be predicted in response to each simulated
intervention. The MC are modelled using a logit-based discrete
choice model. This class of models has been used extensively by
researchers and practitioners in modelling of decisions including
home location, work location and mode of transportation. An ad-
vantage of discrete choice models over many other classification
models is that their estimated parameters have economic inter-
pretations. This means that the final model results can be easily
understood by practitioners. Discrete choice models assume that in-
dividual decision makers select the alternative from their available
options which maximises their utility. The utility is composed of a
systematic component and a stochastic component. The systematic
portion of the utility is an additive function of attributes of the
decision maker, attributes of the alternative and interactions be-
tween both. This stochastic component is needed because in reality,
two people with the same measured attributes may take different
decisions when faced with similar alternatives. This component is
typically assumed to be Gumbel distributed due to computational
advantages and this leads to the logit formulation. These models
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Resource Description
Public Use Microdata Sample (PUMS) Individual person and household level survey data for the USA
American Community Survey (ACS) Aggregated demographic data for administrative zones in the USA
OpenStreetMap (OSM) An open-source editable map of the world [13]
Open Source Routing Machine (OSRM) An API which provides routing information using OSM data [16]
Open Trip Planner (OTP) A server which computes multi-modal transport itineraries [30]
Census Transportation Planning Products (CTPP)A special tabulation of the ACS data for commuting characteristics

Table 1: Data resources used for US cities in the MoCho framework

can be de�ned by the following three expressions [20].

U¹Xi ;St º � U¹Xj ;St º8j 2 C

Ui t = Vi t + � i t

Vi t = V¹St º + V¹Xi º + V¹St ;Xi º
(2)

whereC is the choice set,i is the alternative chosen by decision
makert ,Ui t is the true utility of alternativei to decision makert ,
Xi are the attributes of optioni , St are the attributes of person t,V
is the systematic utility and� is the stochastic utility.

The parameters of the logit model must be calibrated with individual-
level stated-choice or revealed-choice data. For MoCho, individual
observations from the PUMS data could be used for the calibra-
tion. The PUMS survey data contains 12 di�erent options for MC
but for the purpose of this work, this list is simpli�ed to 4 major
classes: car, bicycle, walk and public transportation modes. The
explanatory variables considered for inclusion in the model include
person attributes from the PUMS data (such as: age, income, gender,
education level and employment type), attributes of the home and
workplace census tracts from the ACS data, and the estimated travel
times and costs for each mode and each trip. The travel times for
each census tract pair were estimated by querying the OSRM API
(for walking, cycling and driving times) and Open Trip Planner (for
public transit travel times). The PUMS data and ACS data contain
hundreds of variables and so some exploratory analysis and feature
engineering needs to be done to create a list of candidate features
prior to model �tting. Once the features have been selected, the co-
e�cients of each features can be estimated by maximum likelihood
estimation, in this case using the python library 'pylogit'.

2.4 Impact Assessment
The framework currently includes impact calculations for carbon
emissions and the e�ects of physical activity on mortality rates.
The carbon emission calculations are based on simple per-km esti-
mates for each mode. More accurate estimates could be obtained
by using data speci�c to the vehicle �eet of the study region and
detailed modelling of emissions rates. However, in order to make
the methodology easily replicable, the aggregated method is pre-
ferred. The physical activity impacts are based on the approach of
the World Health Organisation's Health Economic Assessment Tool
(HEAT). This method calculates the expected change in mortality
due to a given amount of walking and/or cycling in a population
using Relative Risk estimates from meta-analysis of multiple epi-
demiological studies. All impact estimates are normalised by the
normal of people in the study region so that changes in population

do not not bias the results.
RR= RRre f� ¹ V•Vref º

� D = N � ¹ 1 � RRº � MRbase
(3)

whereRRis the predicted Relative Risk of mortality in the popu-
lation due to the walking or cycling,RRre fis the Relative Risk of
mortality due to walking/walking in the reference study,V is the
volume of walking or cycling undertaken,Vref is the volume of
walking or cycling undertaken in the reference study,� D is the
expected number of avoided deaths,N is the population size and
MRbase is the baseline mortality rate in the population.

3 SYSTEM ARCHITECTURE
This section describes the system which allows the models described
in section 2 to support raid experimentation in real-life design pro-
cesses. The system design, software and hardware, user-interface,
interaction and experience are described below. The hardware of
the MoCho system consists of an MIT CityScope instance, a TUI
dedicated to rapid urban prototyping and real-time feedback. The
software architecture of MoCho, illustrated in Figure 1 consists of
four parts: (1) Human Computer Interaction (HCI) front-end as well
as three services each handling (2) Tangible User Interface (TUI)
data management, (3) computation of MC model and (4) a spatial
Geo-Server. The rest of the section describes each of the system's
di�erent components, the data-�ow and networking between each
part.

3.1 MIT CityScope
Since 2013, MIT City Science Group researchers are developing
CityScope (CS): a human-centered, urban modeling, simulation
and decision-making platform. CS sits in the intersection of urban-
planning, Human-Computer Interaction and social sciences with
a goal to support an evidence-based discourse around the nature
of the built environments. Through a series of lab experiments
and real-world deployments, CS has been successful in providing
insights, predictions and consensus in various real-world urban
questions [3, 23, 24]. For the purpose of MoCho, a CS instance was
redesigned and constructed in an active demo area situated at the
MIT Media Lab in Cambridge, MA.

3.2 CS User Interaction
A common CS instance features a few key components: A tangible
scaled urban model (city, neighborhood or at street scale), a compu-
tational acquisition unit and a feedback module. The scaled urban
model of a CS instance is usually built over a translucent table-top
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