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1  | INTRODUC TION

The past century has witnessed a significant increase in urbanization with more than half of the world's population 
currently living in urban areas (United Nations, Department of Economic and Social Affairs, Population Division, 
2019). As a result, it has become increasingly important to understand and anticipate human mobility within and 
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across cities. In particular, public transportation systems, historically composed of buses, trains, and taxicabs, 
form the backbone of cities, facilitating interaction and providing an affordable and reliable alternative to carry 
out routine activities compared to private transportation. The development and optimization of public transpor-
tation infrastructure has therefore remained an important aspect of urban planning and community development.

A more recent trend is the emergence of bike-sharing as an alternative means of transportation and the estab-
lishment of bike-sharing systems in cities around the world. Compared to other modes of mobility, cycling provides 
health and environmental benefits in addition to offering a more efficient means of navigating the urban environ-
ment (Oja et al., 2011; Otero, Nieuwenhuijsen, & Rojas-Rueda, 2018; Wang & Zhou, 2017; Zhang & Mi, 2018). For 
example, the New York City (NYC) Mobility Report indicates that trips made using the NYC Citi bike-share system 
are over a minute faster than taxi trips across all distance categories within the Midtown area of Manhattan, and 
cost less than 25% for taxi trips for all trip length categories except those less than half a mile (NYC Department of 
Transportation, 2019). Such advantages are further highlighted during rush hour (Faghih-Imani, Hampshire, Marla, 
& Eluru, 2017). This has led to the proliferation of bike-sharing systems, with nearly 2000 bike-sharing systems 
now in operation around the world.1

Individual bike-sharing programs are often piloted for a limited number of zones within an urban area that are 
known to have relatively high overall activity and transport demand. Systems are then expanded and updated 
according to the evolution of demand over time and across space. This dynamic development of bike-sharing sys-
tems requires a strong understanding of mobility behavior and flexible methods for predicting spatial-temporal 
demand. In particular, travel demand models may focus on predicting overall system demand, the total demand 
at each location or station within a system, or for demand between individual locations. It is this later scenario 
that is the primary focus of this research as it typically receives less attention (e.g., Li & Shuai, 2020; Zhou, Chen, 
et al., 2019). This is perhaps because it is more challenging to model individual origin-destination (OD) flows due 
to a lack of detailed data and because they usually contain more noise and higher levels of variability compared 
to the overall system usage or the total inflows or outflows for a set of locations. However, models of OD flows, 
often referred to as spatial interaction models, are becoming increasingly possible as detailed data are generated 
by GPS-enabled sensors and the internet-of-things (Shaw & Sui, 2018). For example, Calafiore, Palmer, Comber, 
Arribas-Bel, and Singleton (2021) leveraged user OD flows based on social media check-ins to study the charac-
teristics of cities' neighborhoods. Furthermore, recent machine learning methods for incorporating various dimen-
sions of spatial and temporal dependence hold promise for building models with enhanced predictive capabilities 
(Chu, Lam, & Li, 2020; Ke et al., 2019; Liu et al., 2019; Wang et al., 2019). Consequently, this work investigates a 
methodology for predicting OD flows of bike-share systems given that the system evolves over time and demand 
is constantly changing. More specifically, this work focuses on predicting demand for a new station where there 
may be no knowledge of previous flows, also known as a “cold start,” which is necessary when the goal is to pro-
gressively update transport infrastructure in order to maintain efficiency and grow the ridership of bike-share 
systems.

Previous work has not examined in detail the task of predicting spatial interaction demand for new stations, 
likely because more traditional public transportation infrastructure evolves much more slowly compared to the 
relatively inexpensive and flexible bike-share infrastructure. That is, much of the related state-of-the-art re-
search assumes that the infrastructure is persistent across time and there is prior knowledge of station activity, 
which is not always the case for bike-share systems. Therefore, Section 2 of this article provides some additional 
background and formalizes the challenges that need to be overcome. Then, Section 3 presents a novel meth-
odological approach for predicting the spatial interaction demand associated with new bike-share stations and 
Section 4 briefs the data used in the case study and experiment settings. Section 5 describes the experimental 
results used to benchmark the proposed approaches. Overall, the results indicate that regression kriging models 
are slightly more performant than the other techniques considered. Finally, Section 6 concludes with a discus-
sion of the contributions of this research, limitations of the proposed approach, and suggestions for future work 
in this area.
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    |  2083LIU and OSHAN

2  | BACKGROUND

2.1 | Bike trip demand modeling

The widespread adoption of information and communication technology has produced massive amounts of 
transportation and mobility data, sparking a wave of research into how to best model human movement. 
Meanwhile, the popularity of bike-sharing systems has inspired much recent research. Si, Shi, Wu, Chen, and 
Zhao (2019) provide a review of bike-sharing papers published from 2010 to 2018 and group them based on 
the following categories: (1) demand factors; (2) rider behavior; (3) system optimization; and (4) impact on other 
modes. The factors associated with variation in bike-sharing ridership demand can largely be summarized as 
being related to the weather, built environment, sociodemographic, or temporal dimensions (Barbour, Zhang, & 
Mannering, 2019; El-Assi, Salah Mahmoud, & Nurul Habib, 2017; Eren & Uz, 2020; Guo, Zhou, Wu, & Li, 2017; 
Yang, Zhang, Zhong, Zhang, & Ling,  2020). Knowledge of the distribution of trips is useful for developing 
strategies to optimize systems through bike rebalancing or station repositioning, allowing the system to satisfy 
higher demand (Chen et al., 2020; Faghih-Imani et al., 2017; Pan, Cai, Fang, Tang, & Huang, 2019; Zhu, Zhang, 
Kondor, Santi, & Ratti, 2020). The introduction of a bike-sharing system may impact other transport modes, 
leading researchers to compare bike share usage to taxi and bus ridership (Campbell & Brakewood,  2017; 
Zhou, Wang, & Li, 2019). Another trend focuses on bike-share trip prediction using travel demand models and 
OD flow models, the latter of which is the focus of this article and will be used to consider a range of factors 
influencing bike-share trip demand to predict OD flows.

Trip demand at cold start stations, however, catches less attention and is only explicitly discussed in Noland, 
Smart, and Guo (2016) and Zhang, Thomas, Brussel, and van Maarseveen (2017). And both papers used linear re-
gression models on station-level demand to examine the generalization of the models. Research by Wang, Cheng, 
Trépanier, and Sun (2021) discussed the use of a regression model for making predictions at new stations but 
only performed out-of-sample predictions by randomly selecting stations as a test set, which is not an exhaustive 
validation for trip demand at potential new stations. Furthermore, there is a lack of effort dedicated to OD flow 
predictions for new stations.

2.2 | Spatial interaction

Spatial interaction (SI) describes aggregate movements of individuals, commodities, capital, or information over 
geographic space, resulting from some requisite decision-making process (Farmer & Oshan, 2017). A typical quan-
titative representation of SI is the origin-destination (OD) matrix:

where T is the OD flows matrix from a set of origins 
(
O1,O2, . . . ,On

)
 to a set of destinations 

(
D1,D2, . . . ,Dm

)
, and Tij 

is the magnitude of flows from origin i  to destination j. Inspired by Newton's law of gravity, early models of spatial 
interaction theorized OD flows to be proportional to the product of potential at origins and destinations and inversely 
proportional to the squared distance between them, yielding the following formulation:
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2084  |    LIU and OSHAN

where Tij still denotes the flows between origin i  and destination j, Pi and Pj represent the potential at i  and j, dij de-
scribes the distance between i  and j, and k is a scaling factor that ensures the number of flows predicted by the model 
matches the number of observed flows. In this context, potential is often defined as location population or the number 
of job opportunities (Gao, Liu, Wang, & Ma, 2013; Krings, Calabrese, Ratti, & Blondel, 2009; Lenormand, Bassolas, 
& Ramasco, 2016), but can be expanded to consider a series of origin and destination attributes that may contribute 
toward the flow generation, each with their own parameter (Fotheringham & O’Kelly, 1989; Oshan, 2020). According 
to Kar, Le, and Miller (2021), two groups of variables can be identified besides population or jobs: socioeconomic and 
built environment attributes. The former group usually explains trip generation, such as labor force (Pourebrahim, 
Sultana, Thill, & Mohanty, 2018; Signorino et al., 2011); GDP (Zhang, Cheng, & Jin, 2019) and human activity density 
(Marrocu & Paci, 2013). The latter are common destination determinants of travel demand, such as amenities (e.g., 
school, hospitals, markets) (Botella, Gora, Sosnowska, Karsznia, & Querol, 2021; Kar et al., 2021), tourism attractions 
(e.g., hotel rooms) (Khadaroo & Seetanah, 2008), and land-use types (Liu, Kang, Gong, & Liu, 2016).

2.3 | Dynamic demand and spatial-temporal dependence

Recent work seeks to exploit temporal dependence within SI flows to increase predictive performance. The 
simplest instance involves taking the average of historical observations, which can yield accurate predictions 
for future flows when there is limited variation in the historical observations. Typical methods using temporal 
dependence include historical averaging (HA); autoregressive integrated moving average (ARIMA); deep neural 
network structures including recurrent neural networks (RNN) and long short-term memory (LSTM) architectures 
(Cheng, Trepanier, & Sun, 2021; Chu et al., 2020; Ke et al., 2019). The common factor amongst all these methods 
is that they require sufficient previous OD flows and become invalid to predict future flows when there are no 
historical observations to draw upon.

Meanwhile, bike-share systems are also spatially dynamic in that stations are frequently updated or perhaps 
more importantly new stations are added to extend the system, though this is often overlooked in much re-
lated work. One exception is Lu, Hsu, Chen, and Lee (2018) who explored the extension of system infrastructure 
by deploying agent-based methods to simulate the result of adding new stations toward the usage of different 
transportation modes. In contrast, most previous research focuses on predicting bike-sharing trip flows at ex-
isting locations (i.e., in-sample spatial prediction), often using historical data as an important input feature. This 
is problematic when the focus is instead on predicting flows associated with a new station that is being added 
to the system (i.e., out-of-sample spatial prediction) because there are no historical flow data that can be used 
to learn temporal dependencies. A similar issue often occurs in recommender systems where new users or new 
items will have no historical record to be used for preference analysis (Su & Khoshgoftaar, 2009; Volkovs, Yu, & 
Poutanen, 2017) and is often called the “cold start” issue. This term is also used in the literature associated with 
detecting stops and trips from GPS trajectories (Schuessler & Axhausen, 2009; Stopher, Jiang, & FitzGerald, 2005). 
Overcoming this limitation is the primary contribution of this research in order to develop a robust methodology 
for predicting historical OD flows at a new bike-share station.

It is reasonable to leverage spatial dependence to predict values at unobserved locations based on values from 
nearby observed locations. The First Law of Geography states that things that are closer together are typically 
more similar (Tobler, 1970) and is the basis for popular spatial statistics, such as the Moran's I measure of spatial au-
tocorrelation and spatial interpolation methods, including natural neighbor interpolation, inverse distance weight-
ing, Kriging, and more (Mitas & Mitasova, 1999). In particular, kriging has become a core spatial interpolation tool 
and is now used in many topic areas such as air quality analysis (Bayraktar & Turalioglu, 2005), natural resource 

(2)
Tij = k

PiPj

d2
ij
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    |  2085LIU and OSHAN

analysis (Emery, 2005), water studies (Zimmerman et al., 1998) and traffic (Eom, Park, Heo, & Huntsinger, 2006; 
Wang & Kockelman, 2009). Recently, spatial interpolation tasks have been adapted into lattice or graph structures 
and integrated into generative adversarial networks (Zhu, Cheng, et  al., 2020) or graph neural networks (Wu, 
Zhuang, Labbe, & Sun, 2020), but these extensions do not yet apply to the case of OD flows. For the interpolation 
of OD flows, Jang and Yao (2011) proposed an areal weighting method, which was further employed by Šimbera 
and Aasa (2019). As far as the authors are aware there are no studies extending interpolation methods to SI flows. 
However, the spatial dependence between SI flows have previously been leveraged for community detection (Gao 
et al., 2013; Yao et al., 2018) and land use identification (Liu et al., 2016), indicating that kriging, which also relies 
on the presence of spatial dependence, may be promising for flow interpolation. Therefore, this research explores 
flow-based kriging and compares it to natural neighbor interpolation and gravity-type spatial interaction models.

In the next section, the central issues and challenges are described more formally. Next, a methodology is 
outlined to compare flow prediction strategies, which is then applied to the case study of bike-share trips in New 
York City.

3  | METHODOLOGY

3.1 | Problem statement

For a station-based bike-share system, Sn, there are n docking stations serving as both origins Si and destinations Sj 
and information is available for each trip in the system regarding its origin station, destination station, start time, 
and end time. Trips are also sorted into discrete temporal subsets, t, based on their starting time (e.g., hour, day, 
week, etc.). Therefore, each trip in system S can be denoted using a 3-tuple (t, Si, Sj) and the corresponding OD flow 
matrix T is comprised of entries denoting aggregate trips between stations at time t (i.e.,Tt,i,j). The diagonal ele-
ments of T (i.e., i = j) are filtered out and set to zero to remove their undue influence on any subsequent modeling 
procedures. A cold start refers to the scenario where there is no information available about previous flows for a 
newly added station Sx and the goal is to predict future outflows Tt+1,x,j and/or future inflows Tt+1,i,x. The primary 
issue that arises is that there are no previous flows to use in any of the methods that leverage historical data. A 
methodology is proposed below to overcome this limitation by classifying stations and using a combination of 
regression modeling and interpolation techniques depending on the station class.

3.2 | Station classification

Predicting the flows associated with the addition of new stations is the primary task of this research. However, 
depending on the location of the new station and its proximity to currently existing stations, different techniques 
and information are available to carry out the predictions. At least three different scenarios can be distinguished. 
The first is referred to here as interpolation, which entails borrowing information directly from the existing sta-
tions. Interpolation typically only applies in the situation where the newly added station is sufficiently proximal to 
existing stations (i.e., within current system coverage). The second scenario is referred to here as margin interpo-
lation and is the case where a new station is added to the margin of the current system. As such, there are some 
nearby stations with the previous flow information that can be borrowed. The final scenario is referred to here 
as an extrapolation and is concerned with the addition of stations that are essentially outside the coverage of the 
current system. Predictions for this scenario are hypothesized to be only possible through the extrapolation of 
modeled relationships, since there are no existing nearby stations to borrow information from. A method for iden-
tifying empirical instances of system expansion and classifying new candidate stations across the three scenarios 
is proposed below and then subsequently deployed and evaluated.
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2086  |    LIU and OSHAN

Newly added stations are identified by examining the time series of trip data for the bike share system. For 
each station present in the system before July 2020, an array of station inflows (or station outflows) for each tem-
poral subset (weekly in this case study) is used to track its operation status. Intuitively, the first non-zero entry of 
the array, tin > 0, is recorded as a preliminary inferred date that a station was initially put into operation. However, 
these preliminary dates are then refined by manually checking for consistent station service as in practice there 
sometimes are test trips prior to the official launch of a new station. In addition, the system record indicates that 
all new stations added after the initial system rollout in 2013 did not occur until 2015. Therefore, the original 
stations existing before 2015 (Table 1) are not included in the set of classified stations nor are they used for pre-
diction validation.

Next, these new stations, Sx, are classified between interpolation, margin, and extrapolation. This is done 
based on their relationship to the existing system coverage, which is represented here by computing the convex 
hull of all the stations in operation at the time Sx is introduced. The convex hull of all the station points provides 
a simplified representation of the system service area in continuous Euclidean space, though the urban environ-
ment does not exist separately from the natural environment (i.e., rivers). To ensure these restricted areas are not 
included in the representation of system coverage, a few extra steps were taken to prepare a modified convex hull 
for the bike share system. First, stations on Governor's Island and a single isolated station in the southern part 
of Brooklyn were removed from the analysis because these stations are essentially disconnected from the larger 
system. Then, multiple convex hulls were created separately for stations in Manhattan and stations in Brooklyn/
Queens, ensuring that neither of the convex hulls cross into major waterways.

For every temporal subset t, only the system coverage associated with stations running at time t − 3 is used 
to classify the new station Sx initialized at time t where each temporal subset pertains to a week within the period 
from January 2015 through July 2020. This time lag of up to 3 weeks ensures that stations rolled out consecu-
tively over a relatively short time period are not considered as previously existing to each other and is necessary 
because there is usually a short period of time before a new station becomes fully integrated within the system. 
If Sx falls outside this current system coverage, it will be regarded as an extrapolation case. In contrast, if Sx is 
within this current system coverage, it will be regarded as an interpolation case. It is then necessary to further 
distinguish the partial interpolation cases, which correspond to stations added to the margin of the current system 
coverage. The three cases are formally classified by the percentage of overlap between their Voronoi tessellation 
cell and the current system coverage. Stations overlapping < 5% are classified as an extrapolation station while 

TA B L E  1 Number of stations added over time by month and year

Month and year 2013 2015 2016 2017 2018 2019 2020

January – – 2 2 9 6 8

February – – 2 8 2 3 5

March – – 2 4 6 6 1

April – – 2 4 3 17 2

May – – 3 5 7 11 36

June 336 – 5 4 5 5 35

July 1 1 8 4 4 3 –

August – 85 98 4 5 4 –

September – 39 43 64 1 15 –

October – 16 2 74 3 38 –

November – 5 2 6 3 34 –

December – 2 2 4 4 15 –
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    |  2087LIU and OSHAN

those overlapping > 95% are classified as an interpolation station. The remaining stations are classified as margin 
stations.

Applying the above classification to all newly added stations identified in the previous step. Using these three 
different categories, it is possible to apply and evaluate unique mechanisms to borrow flow information based on 
data and/or modeled relationships for each category. The hypothesis employed here is that different mechanisms 
will be more efficient for each category because different types and levels of information are available. In partic-
ular, it is anticipated that better predictive performance will be attained for stations classified as extrapolation 
cases using a SI modeling approach because borrowing information for data from relatively far stations could 
introduce a disproportionately large amount of misinformation. In contrast, the interpolation and margin cases 
are anticipated to achieve higher predictive performance using methods that incorporate data-borrowing through 
interpolation techniques. That is, flows for stations classified as interpolation and margin are expected to be best 
predicted using interpolation methods whereas those that are not must rely on extrapolation through modeled 
relationships (i.e., SI model). However, it is less clear whether or not the same method will be the most effective 
for both interpolation and margin stations, since different levels of information are available. To investigate these 
issues, several interpolation methods are explored in the following sections and then subsequently compared to 
each other and to predictions from SI models.

3.3 | Modeling strategies

3.3.1 | Gravity-type spatial interaction model

The unconstrained gravity-type spatial interaction model (Gravity SI) described in Section 2.3 is perhaps the most 
widely used model for diverse types of aggregate transport flows (for several recent examples see Kar et al., 2021; 
Lenormand et al., 2016; Oshan, 2020; Zhou et al., 2020). It is calibrated here using a log-linear Poisson regres-
sion with a power distance-decay function and a set of origin/destination attributes using the spint module of the 
Python Spatial Analysis Library (PySAL) (Oshan, 2016). Following Eren and Uz (2020), these attributes include 
points of interest for urban amenities and services, transportation infrastructure, and sociodemographic factors. 
For transportation infrastructure, accessibility to other bike stations is computed based on a distance-weighted 
sum (i.e., spatial lag) of nearby bike station capacity.2 POI data were obtained from SafeGraph (2020) and contain 
a hierarchical schema. Eleven categories were formed to aggregate POIs from this schema and include care, educa-
tion, finance, food, housing, recreation, religious, shopping, travel, professional, and other services. Further descriptions 
of data sources and variables are summarized in Table 2. The selection process of distance parameters for station 
accessibility and POIs is based on trial and error, however, sensitivity results show there are no significant differ-
ences in gravity SI results when using other distance bands (e.g., 500 m or 1000 m) to compute these variables.

3.3.2 | Natural neighbor interpolation

Spatial interpolation methods predict unknown values for an unsampled point in space based on its relationship 
to a set of sampled points. Given values of a random field Z( ⋅ ) measured at locations s1, . . . , sn yielding Z

(
si
)
 for all i, 

the objective is to estimate the value Z
(
sx
)
 for one or more unmeasured locations sx. One well-established spatial 

interpolation method is the natural neighbor technique that finds the closest subset of input samples to a query 
point and weights them proportionally based on areal overlap to estimate a value (Sibson, 1981). Based on the 
assumption that nearby stations typically experience similar levels of demand, it is possible to borrow data for a 
new station from neighboring stations using this method. The natural neighbor interpolation method for points/
polygons was extended to spatial interaction flows by applying a modified areal-based weighting scheme (Jang 
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2088  |    LIU and OSHAN

& Yao, 2011). Equations (3.1) and (3.2) present the natural neighbor formula for calculating the flow Txj between 
new station Sx and a destination station Sj. First, Voronoi tessellations are computed for Sn with and without Sx, 
denoted Vn+x and Vn, respectively, with each individual Voronoi polygon approximating the service area for each 
station. In Equation (3.1), m is the number of stations overlapping with Sx, pk is the proportion of the overlapping 
area between Voronoi shape of Sx in Vn+x and Sk in Vn in relation to the total area of the Voronoi shape of Sx in Vn+x 
(Equation 3). The resulting 

[
Tx1, Tx2, . . . , Txn

]⊤ are the “borrowed” outflows of Sx. Thus, natural neighbor interpola-
tion provides an areal-based method that can be used on flow data and will be one of the interpolation methods 
applied here.

3.3.3 | Kriging

While natural neighbor interpolation derives weights based only on location, kriging techniques derive weights 
based on both the location of Sx and value of each sample point Z

(
si
)
 with i ∈ (1, 2, . . . , n). It is an optimal linear 

estimator of the form:

where the weights �i are chosen to make the estimator unbiased and of minimal prediction error. Kriging is a two-step 
process. First, the spatial covariance structure of the sampled points is determined by fitting a variogram (a spherical 
model is used here) that captures the variability between all data points as a function of distance. Then, weights de-
rived from this covariance structure are used to interpolate values for unsampled observations across the spatial field. 
Ordinary kriging assumes the random field Z( ⋅ ) is intrinsically stationary; that is for any location s:

(3.1)Txj =

m∑

k=1

[
pk × Tkj

]

(3.2)pk =
A
Vn+x∩Vn

kx

A
Vn+x

x

(4)Z
(
sx
)
=

n∑

i=1

�iZ
(
si
)

(5.1)E
[
Z(s)

]
= �

TA B L E  2 Attributes used in the spatial interaction models

Attributes Source Feature description

Population Cenpy Census.gov Population (2017 ACS5) of each census tract

Employment Longitudinal Employer-Household 
Dynamics (LEHD)a

Workplace Area Characteristics—census block

Station 
accessibility

Station Infob Weighted sum of nearby station capacity with inverse 
distance weights with a distance band of 1500 m

Access to subway NYC Open Datac Euclidean distance to the nearest subway station

Points of interest SafeGraphd Weighted sum of nearby POIs with inverse distance 
weights with a distance band of 1500 m

ahttps://lehd.ces.census.gov/data/.
bhttps://gbfs.citib​ikenyc.com/gbfs/en/stati​on_infor​mation.json.
chttps://data.cityo​fnewy​ork.us/Trans​porta​tion/Subwa​y-Stati​ons/arq3-7z49.
dhttps://www.safeg​raph.com/covid​-19-data-conso​rtium.
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where �(|h|) is the semi-variogram and a function of distance h that separates two locations. Further mathematical 
details are available in Cressie (1993).

Ordinary kriging typically uses a k-dimension (usually k ≤ 3) points as an input location and a 1-dimension 
target value Z. However, a spatial interaction flow between stations is a spatial process involving two points in 
a two-dimension euclidean space (k = 4). To accommodate this higher dimensionality, a flow-based extension 
inspired by Zhou, Chen, et al. (2019) is proposed that aggregates all the outflows to the m possible destination 
stations or inflows from m stations to the single-origin station si as Z

(
si
)
 and the definition of Tij remains the same 

as in Equation (1). The coordinates of the origin station remain in 2-D space, but the target value Zi is an m-length 
vector representing the flows to each destination. According to Liu et al. (2016), this station-centric view, which 
aggregates the OD flows vector coming in and going out from one single station, is also referred to as the OD flow 
signature of a station. In this station-centric view, the adoption of the vectorized Z is needed for handling higher-
dimensional Z within kriging techniques. The inflow predictions Zin and outflow predictions Zout are carried out 
separately and then concatenated as the overall OD predictions for a target station.

Alternatively, regression kriging leverages information from exogenous variables in addition to the spatial de-
pendence in a sample by first fitting a regression model and then kriging the residuals of the regression model. 
Therefore, a gravity-type SI model is first fit and then a flow-based ordinary kriging (OK) model as described above 
is used to interpolate the residuals of the gravity-type SI model. Specifically, when using the station-centric view 
in the regression kriging model (RK), the kriging step uses 2-dim input with k-dim targets, while the regression step 
uses location data in OD flow form with 4-dim features.

To better highlight the difference between the kriging interpolation and natural neighbor interpolation, an 
illustration with pseudo data is provided in Figure 1 to demonstrate the two interpolation processes. Both meth-
ods take identical data structure as input data, for example, existing locations Sn, a cold start location Sx and flow 
matrix among existing stations T. The bottom-left section shows the steps used for areal-based natural neighbor 
interpolation. First, the service area of each station defined by the Voronoi shapes is calculated before and after 
a cold start station is added. Then the area overlapping the cold start station is calculated at each existing station, 
consisting of the portion (p) of new stations which is the final proportional weights to calculate the interpolated 
outflows and inflows at the new station shown in the last row. In contrast to the natural neighbor that exploits 
locations only, ordinary kriging interpolation leverages both locations and flow similarity. Under the assumption 
of ordinary kriging, variations between stations at a fixed range of distance rely on the distance h. Thus, distances 
between each pair of origins and destinations are grouped into bins (Right-bottom section, Figure 1 left) and the 
variance in each group is calculated and plotted (Right-bottom section, Figure 1 right). The optimization equation 
can be solved using the semivariogram only, as shown in geostatistical textbooks such as Le and Zidek (2006). So, 
it is essential to interpolate the flow variance between new stations and any existing stations by fitting a covari-
ance function (black solid line in right-bottom section, Figure 1 right). Finally, the optimized alpha that minimizes 
the prediction error is calculated and used for the flow interpolation results just as the natural neighbor interpo-
lation method.

4  | DATA

4.1 | Study area

The Citi Bike system in New York City started operation in 2013 and is now the largest bike-share system in the 
U.S. Among the 809 stations added to the system since 2015, 55 of them had too few trips to produce reliable 
output in any one of the methods, specifically producing a null or negative correlation index value. Thus, the 

(5.2)Var
[
Z(s) − Z(s + h)

]
= 2�(|h|)
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2090  |    LIU and OSHAN

following results come from the remaining sample of stations (n = 754) with 313 interpolation stations, 123 margin 
stations, and 318 extrapolation stations using the (0.05, 0.95) classification threshold. The spatial distribution of 
the stations is mapped in Figure 2 along with the original (pre-2015) set of stations. All the trips are aggregated 
into unique spatial and time tuples by their original stations, destination stations and the week of the trip start-
ing from January 1, 2015. In the regression-based models, the following expression is used: “flows ~ cost + origin 
attributes (15) + destination attributes (15)” Origin and destination attributes include 15 variables, each are listed in 
Table 2, where POI includes 11 categories, for example, care, education, finance, food, housing, recreation, religious, 
shopping, travel, professional, and other services. In the interpolation-based models, the OD-matrix is formatted as 
shown in Figure 1.

4.2 | Study design

Each new station is associated with a unique time frame for training and testing. So iterating station-wise, SI mod-
els were trained for each added station Sx, with a training set including all of the OD flows available in the time 
period before Sx is added, and with a prediction test set from the time period after Sx is rolled out. Training data 
consisted of flows 1 week before a new station was added at time t, (i.e., t − 1), while the evaluation data were 
set to flows from 1 week after the rollout of a new station (i.e., t + 1). This 1-unit period provides a chance for 
demand to stabilize after a new station is added to the system with a complete week. Bike trips with a duration of 
more than 3 h are excluded as abnormal trips. To evaluate the performance of each prediction method for all Sx, 
Pearson's R correlation coefficient is employed.3

F I G U R E  1  Illustration of areal natural neighbor interpolation and ordinary kriging interpolation with pseudo data
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    |  2091LIU and OSHAN

5  | RESULTS

5.1 | Gravity-type spatial interaction model calibration

Before producing the prediction results, it is necessary to calibrate the gravity-type SI models.
An advantage of the SI model over the interpolation methods is the ability to elucidate how independent 

variables affect bike trip flows based on the parameter coefficients. To highlight the weight of each independent 
variable, the top of Figure 3 shows the average parameter magnitude and 95% confidence intervals based on the 
models for each station. The bottom of Figure 3 captures the top 11 most important features over time. Generally, 
parameter estimates associated with a variable have the same direction, either negative or positive, and similar 
magnitudes for the origin stations and the destination stations. The cost factor, which is the average trip com-
pletion time of the OD pair and typically called the distance-decay effect, is the most important factor, attesting 
to the First Law of Geography. The next most important factors included recreation and other services POIs. The 
former POI group suggested the purpose of the bike-sharing trips for leisure activities. The latter group, other 
services, includes many parking facilities. It could be interpreted as a potential common commuting pattern: people 
park the car and then take the bike trip. Surprisingly, population was not a top factor, suggesting the residential 
population around stations is not necessarily a strong indicator of the size of the potential bike-share user base. 
In terms of the parameter estimate stability over time, the top 11 important factors typically have consistently 
positive or negative signs. Some general trends can also be observed over time. First, the distance-decay factor 
associated with trip duration became more negative (i.e., stronger) over time as the system expanded. There is also 
a periodic fluctuation that captures the seasonal trend where distance-decay is less negative in the winter (the 
spikes around 50th, 110th, 210th weeks). Second, the impact of the COVID-19 lockdown was a decrease in the 

F I G U R E  2 Spatial distribution of bike stations color-coordinated by the three derived classes for newly 
added stations and the original stations
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2092  |    LIU and OSHAN

magnitude for the parameter estimates of most factors, likely because the regular trips of public were essentially 
halted during this time and the alternative behavior was either less associated with these factors or generally more 
random. Besides, the gravity SI model also showed robustness in the parameter importance when changing the 
distance band from 1500 to 1000 m to compute spatially lagged explanatory variables (i.e., POIs and accessibility), 
providing that the direction and magnitude of coefficients remain the same over the two distances.

F I G U R E  3  (Top) Feature weight from the SI model results averaged over the time periods. The X axis 
represents the absolute value of the parameter estimates and the color represents the sign of the average 
magnitude. The dark green strip shows the average range of 95% confidence interval. (Bottom) Time series of 
top 11 largest feature weights. The X axis is the number of weeks elapsed since January 1, 2015
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    |  2093LIU and OSHAN

5.2 | Prediction results

The prediction results based on the correlation index Pearson's R between predicted and actual trip counts were 
recorded in Table 3 for the five methods (natural neighbor, ordinary kriging, regression kriging, gravity-type SI 
model, and negative binomial model) using data for each classification category (interpolation, margin, extrapola-
tion), as well as the entire dataset. Overall, the results demonstrate that regression kriging is probably the most 
well-rounded model to capture the correlation in all three station types. The results also provide evidence in 
support of the primary hypothesis that different mechanisms in spatial interaction and spatial interpolation will 
be different depending on the location and the regression kriging can outperform the single methods of ordinary 
kriging or SI model.

Meanwhile, the standard deviations around 0.2 indicate the correlation varies much across stations. It is hard 
to say regression kriging can always outperform other methods.

5.3 | Spatial trends

The relative comparison of the candidate methods within one location is more meaningful than the quantitative 
comparison of metrics across stations. Figure 4 reveals the spatial distribution of cold start stations rendered 
with the best method in the individual station. Warm colors are associated with interpolation methods (Red: 
Natural Neighbor; Orange: Ordinary Kriging) and cold colors stand for regression methods (Cyan: Gravity SI; Blue: 
Negative Binomial). Green dots represent the compound model: regression kriging method. Overall, there is a 
substantial portion (518 of 754) of interpolation methods winning the best method over the two pure regression 
methods, which supports flow interpolation as flow prediction tools.

Then we focus on the lower Manhattan Island where stations are mostly added as interpolation types. 
Interpolation methods are commonly rated the best method there which complies with the intuition that nearby 
flow patterns facilitate interpolation methods. Two regression methods as best methods could hardly be spotted 
in lower Manhattan, but can be seen in North Manhattan, Queens, and Brooklyn (north, east, and south of the 
system, respectively).

On the edge of the bike share system, where added stations are usually of the extrapolation type, a mixture of 
best methods can be seen. Even though extrapolation stations are out of the coverage of the existing system with 
limited nearby spatial dependence, regression models are not necessarily superior to interpolation methods in all 
cases, which is unexpected. It implies the necessity of considering the spatial dependence or spatial structure of 
the BSS at all times regardless of when locations are added. Another explanation could be that fewer trips at ex-
trapolation stations introduces more noise than signal, having a negative impact on all methods. When comparing 
two gravity models, the Negative Binomial (NegBin) model seems to do better in the outskirts of the system where 
there are probably more stations with a few number of rides and therefore more overdispersion.

TA B L E  3 A summary of the prediction results based on Pearson's R for each method using data for each 
classification category and using all data. Standard deviations are in parentheses after the mean values

Pearson's R (standard 
deviation) Interpolation Margin Extrapolation All

Natural neighbor 0.53 (0.22) 0.47 (0.22) – –

Ordinary Kriging 0.52 (0.20) 0.45 (0.22) 0.41 (0.20) 0.46 (0.21)

Gravity SI (Poisson) 0.44 (0.19) 0.41 (0.24) 0.40 (0.24) 0.42 (0.22)

Gravity SI (NegBin) 0.42 (0.18) 0.37 (0.22) 0.39 (0.22) 0.40 (0.20)

Regression Kriging (Poisson) 0.54 (0.21) 0.49 (0.24) 0.41 (0.22) 0.47 (0.23)
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2094  |    LIU and OSHAN

6  | DISCUSSION AND CONCLUSIONS

Spatial interaction demand for bike-sharing trips has caught the attention of many researchers in recent years as 
new bike-sharing systems are installed at an astonishing speed around the world. Yet the prediction of demand at 
cold start stations is an overlooked issue. Previous studies work around the issue either by filtering out the new 
stations or using a different spatial aggregation, such as grids. This article leveraged spatial interaction models and 
flow interpolation techniques to propose an approach to compare different models through a case study using the 
NYC Citi Bike system. Specifically, the proposed approach attempts to predict OD flows of newly added stations 
after the BSS infrastructure changes.

After comparing all candidate methods on each identified cold start station, results show that the gravity SI 
model comes with the advantage of the interpretability of the parameter estimates. For example, the interpreta-
tion of gravity SI models shows that the leading trip generation factor is the number of recreation sites nearby, 
which provides useful additional information to advise the planning of BSSs. Alternatively, interpolation methods, 
including natural neighbor and ordinary kriging, show a better predictability for stations classified as interpolation 
but are less performant for stations classified as extrapolation. Regression kriging combines both gravity SI and 
ordinary kriging and yields the best performance. Finally, spatial trends reveal some heterogeneity of the predic-
tion performance of different methods. Specifically, the downtown Manhattan region shows a higher predictabil-
ity for interpolation methods, but stations added in Brooklyn are less performant for regression methods only. 
Interpolation methods unexpectedly outperform regression models in many extrapolation cases, implying the 
presence of long-range spatial dependence and suggesting the use of spatial interaction models that incorporate 
spatial dependence (Oshan, 2021) in future work.

F I G U R E  4 Spatial distribution of the best method for flow prediction at each cold start station
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    |  2095LIU and OSHAN

One significance of this work is that it begins to fill the gap of the missing historical data that is needed for 
many popular methods. For example, the methodology could be used to generate pseudo-historical flows so that 
methods dependent upon them can be used to make predictions over time even for cold start stations. Therefore, 
the proposed approach facilitates a more robust demand modeling framework.

However, trip prediction for stations classified as extrapolation is still limited using the proposed approach be-
cause neither the gravity-type spatial interaction model, nor the interpolation techniques work as well as they do for 
the interpolation stations. For future work, the idea of geostatistical transfer learning may help overcome this issue 
(Hoffimann, Zortea, de Carvalho, & Zadrozny, 2021). Another limitation that needs to be more fully explored is the 
weak predictability of 2020 stations, which is possibly due to the low trip counts or drastic behavioral changes during 
the pandemic or both. When there are low trip counts, the methods used here tend to underestimate the few stations 
with higher activity and more effort is needed to develop methods that can handle this scenario.

The methods included here only provide an initial investigation of the cold start issue. Future studies could also 
further investigate and leverage the temporal dependencies of the OD flows. In this work, a weekly time interval was 
used, though other intervals could also be explored, as well as the temporal windows used to characterize demand 
before and after stations are added to the system. Future work could therefore explore different time parameters 
or even combine them to increase predictive accuracy. These are just a few suggestions that could be on the line of 
inquiry initiated here to grapple with the issues caused by cold start stations in dynamic transportation systems.
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ENDNOTE S
	1	 According to bikesharingworldmap.com and including both docked and dockless systems (last accessed on July 30, 2021).

	2	 Since capacity values from the most recent station information are representative of all previous system states, capac-
ity values were based on system snapshots of the station information from September 2018, May 2019 and February 
2020. Of the 1103 stations that existed from 2015–2020 this provided valid capacity information for all but 135 sta-
tions, which either were not running during the snapshots or had zero capacity values. These 135 stations were not 
included in the computation of the accessibility metric used here.

	3	 Zero flows were not included when calculating the performance metrics.
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