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48  ABSTRACT

49  The location-based social networking (LBSN) is a location-sensitive service interactively carried
50  out by users with mobile devices, such as smart phones, to “checkin” with the “venues” reflecting
51  their daily activities. With its increase popularity and sophistication, the location-based social
52 networking (LBSN) data have emerged as a new data source for studying urban travel demand.
53  Comparing with traditional Origin-Destination (OD) estimation method such as survey based or
54  traffic count based methods, LBSN data has the potential to provide OD estimation with much
55 higher temporal resolution at much lower cost. In this paper, the Foursquare LBSN data was used
56  to analyze the OD demand for the urban area near Austin, Texas, USA. A gravity model with two-
57  regime friction factor functions is proposed to estimate the O-D matrix. The proposed methods are
58  calibrated and evaluated against the ground truth O-D data from CAMPO (Capital Area
59  Metropolitan Planning Organization). The results illustrate the promising potential of using LBSN
60  data for urban travel demand analysis and monitoring.

61 KEY WORDS: Origin-Destination estimation, Location-based social networking, gravity model
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63 INTRODUCTION

64 Origin-Destination (O-D) matrices are key inputs for urban transportation planning and traffic

65  operational applications, and can be classified into three main categories: the traditional survey-based

66  methods, the traffic-counts based methods(73), and the positioning technology based methods.

67  Traditional survey-based O-D estimation methods, such as the household survey and the roadside survey

68 method, can be time-consuming, expensive to undertake, are usually confined to a limited number of

69  households, are not conducted on a continuous basis, and can cause distraction to traffic (roadside survey).

70 Additionally, the sample size issue and sample bias can render the reliability of this type of method.

71  Traffic-count based O-D estimation methods(4, 12), use the link traffic counts from traffic detectors to

72 update an existing O-D matrix. While there are advantages of significant time and labor when compared

73 to the survey-based methods, these methods rely on an existing metering infrastructure, which may be

74 expensive to install or maintain, and may have coverage issues impacting the reliability of certain parts of

75 the O-D matrix to not be updated (e.g. arterial roads and local streets without detector coverage). Traffic-

76 count based methods also depend on an existing O-D matrix that may not accommodate changes in land

77  use or transportation network.

78 In recent years, positioning technologies such as GPS, cell phone, and Bluetooth technology have

79  become important data sources for traffic flow monitoring, traveler information provision, and advanced

80  traffic and demand management. Similar to the survey based method, the GPS-based methods(75) also

81  suffers from sample size issues and sampling bias. Other limitations include privacy concerns require user

82  consent on disclosing collected GPS trajectory data and time and labor costs associated with membership,

83  contracts, services, and potential incentives need to promote participation in the GPS data collection when

84  large sample sizes are required. Wireless location technologies (WLT) available from wireless carriers to

85  derive the O-D matrix have been recently studied(2, 3, 17). WLT uses cellphone positions that are

86  collected by tracking wireless signal transition events when cellphones cross the boundaries of virtual

87  regions in the cellular network. The effectiveness of this method is limited by high spatial resolutions that

88  can only be triggered when cellphone is on a call and by other events, which can only be triggered during

89  off-call periods. These limitations do not provide high enough spatial resolution for meaningful O-D

90  estimation resulting in the collection of only partial trajectories of cellphone users’ traveling activities.

91  Additionally, matching issues between the data collection areas (e.g. cellular cells) using cellphones and

92  Traffic Analysis Zone (TAZ)s can further reduce the accuracy of trip estimation. Bluetooth technology is

93  another emerging technology to collect travel demand data. Barceld et al.(1) investigated the use of

94  Bluetooth device for travel time and O-D data collection. With a dense network of Bluetooth reading

95  devices, the vehicle trajectories within a traffic network can be collected via the Bluetooth IDs (a number

96  assigned during the device manufacturing, eliminating any privacy issues). One key limitation is the

97  sampling rate of typically 1% to 5% penetration(7), which is attributed to the ability to turn off Bluetooth

98  functions in many mobile devices.

99 Technological advances have allowed smartphones and tablets with LBS (Location based service)
100  features to become affordable and accessible to people of various income levels. Concurrently, the fast
101 development in social networks led by Facebook and Twitter also attracts a tremendous amount of users
102 that actively updated their personal activities online including their locations. The combination of social
103 networking and LBS results in the location-based social networking (LBSN) services. Recently,
104  researchers began to conduct data mining of social networking sites to study the spatial pattern of
105  cellphone user behavior. Cheng(9) proposed a probabilistic framework for estimating a Twitter user's
106  city-level location based purely on the content of the user's tweets. Backstrom(5) utilized the network of
107  associations between Facebook users to predict the location of an individual based on the location of
108  his/her friends. Cheng et al.(8) studied the human mobility patterns by analyzing the social networking
109  data.

110 With respect to travel demand analysis, specifically O-D estimation, social networking data has some
I11  unique advantages over the GPS, cell phone, and Bluetooth data. Social networking services allow users
3
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112 to share their locations with their friends by using mobile applications on a smartphone or tablet. The
113 applications use built-in GPS to generate an accurate trajectory of the user’s traveling activities.
114 Announcing arrival at a location through such application is called "check-in," which is associated with
115  particular venues (e.g., a restaurant). For a successful “check-in,” the user need to confirm the name of a
116  venue ensuring the data quality for trip origins and destinations for a travel demand analysis. The
117  penetration rate of social networking service is growing at a rapid pace providing a sample size much
118  larger than other methods. More importantly, the data is updated in real-time and is a low cost option due
119  to the lack of auxiliary data collecting devices.

120 This paper proposes a novel O-D estimation method that utilizes the LBSN check-in data
121 provided by Foursquare. This rest of the paper is organized as follows. Section 2 introduces the
122 background of LBSN services. The data processing procedures and methods are introduced in Section 3.
123 In section 4, a preliminary analysis is conducted for the characteristics of check-ins collected. Section 5
124 proposes a gravity model based method to derive O-D matrix from the check-in data. Section 6 calibrates
125  and evaluates the proposed model using the CAMPO O-D matrix. The optimal setting of the model
126  regarding friction function and venue classification is also identified. Then, in Section 7, the calibrated
127  model is applied to study the bihourly and daily O-D patterns. The final section concludes this paper.

128  BACKGROUND

129  Overview of location based social network (LBSN)

130 Social networking is an online service building and reflecting social relations among people who
131  share interests and/or activities. Facebook, launched in February 2004, is currently the largest social
132 networking site in the world with more than 600 million active users. LBSN, also called LBS, refers to a
133 special social networking service that uses GPS features to locate users and allows members of the
134 communities to broadcast their locations and activities through their mobile devices. Due to its creative
135  ways of interacting with customers, venues actively participate in LBSN services, and the estimated
136 number of LBSN websites worldwide has reached more than a hundred by 2011(77). The first
137  commercially available LBSN system was Dodgeball (7) founded in 2000 and later acquired by Google in
138 2005. The current leading LBSN service is Foursquare. Foursquare users can “check-in” at public places
139  through Foursquare website, text messages, or mobile applications. They are then awarded points and
140  sometimes "badges”. The company reported it had attracted 10 million registered users by June 2011,
141  with about 3 million “check-ins” per day(76). Among the users, 50 percent came from US and 50 percent
142 were male.

143 Characteristics of Foursquare data

144 Due to its high popularity and comprehensive functionality, Foursquare is selected as the main data
145  source for this study. Foursquare provide developers the access to their data through OAuth2 (Open
146 Authorization) API (Application Programming Interface). Data that can be exported from the interface
147  include the user and check-in statistics from each venue and also the detailed information each venue such
148  as location, coordinates, and type. The penetration rate of Foursquare is currently the highest among all
149  existing LBSN systems, which provides the largest LBSN sample size for travel demand analysis.
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154 FIGURE 1 Demographic distribution of Foursquare users v.s. US drivers/population.
155 Figure 1 shows the demographic characteristics of foursquare users(7/4). The gender information

156  comes from the worldwide statistics of Foursquare users in May, 2011. The other demographic
157  information such as the age, education, and household income is estimated by Google’s DoubleClick Ad
158  Planner in February, 2012. Ad Planner uses a hybrid methodology combining sample user data from
159  various Google products and services and direct-measured site-centric data. The results should be very
160  close to the real Foursquare’s user data(/4). In Figure 1, the corresponding demographic distribution for
161  U.S. population(79), and Austin city population(20, 21) is also provided. It can be observed that the
162  demographic distribution of Foursquare users generally matches that of U.S. drivers or general population.
163  Inconsistencies include the limited coverage over population greater than 55 years old, less coverage over
164  female travelers, population with educational levels less than high school, and low-income households.
165  These population groups may have less number of trips made and miles travelled than the other

5
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166  population groups although the lack of coverage over population group with lower educational level may
167  be caused by the IT knowledge requirement for using LBSN services.

168§  FOURSQUARE DATA

169 The data used in this paper include the GIS data of the Austin central area and O-D data from
170 CAMPO, and the hourly “check-in” statistics Foursquare. The GIS data are used to define the boundary
171  of the traffic analysis zone. The official O-D matrix is used as the ground truth data for model calibration.
172 The Foursquare data are collected through a Java program which runs every hour to obtain the numbers of
173 check-in increases of all the venues within the research area. The Austin central area is a representative
174  urban area and has high coverage of Foursquare venues and users. The selected study area is bounded by
175  Pecan Street, Lime Creek Road, SH 71, SH 45, and Caldwell Lane, as shown in Figure 2. The official
176  Traffic Analysis Zone (TAZ) system developed by CAMPO is used for this study.

177  CAMPO Origin-Destination (O-D) matrix data

178 The ground truth O-D matrix data were derived from CAMPQO’s most recent analysis completed in
179  2010¢22). The CAMPO procedure uses an Atomistic Trip distribution model to obtain the O-D matrices,
180  which is a spatially disaggregated gravity model that allocates intrazonal trips using radius data for each
181  TAZ and the trip length frequency distributions determined from the Travel Surveys. The CAMPO
182  matrices contain the modeled daily trip tables for 17 trip purposes, which are listed as follows:

183 * Home Based Work Person Trips Direct

184 * Home Based Work Person Trips Strategic

185 *  Home Based Work Person Trips Complex

186 *  Home Based Non-work Retail Person Trips

187 *  Home Based Non-work Other Person Trips

188 *  Home Based Non-work Primary Education Person Trips
189 *  Home Based Non-work University/College Person Trips
190 *  Home Based Non-work UT-Austin Education Person Trips
191 *  HBNW/NHB (Non-work) Airport Person Trips

192 * Non-home Based Work-related Person Trips

193 * Non-home Based Other Person Trips

194 * Non-home Based External Commuter/Visitor Vehicle Trips
195 *  Commercial Truck/Taxi Vehicle Trips

196 » External Local Auto Vehicle Trips

197 » External Local Truck Vehicle Trips

198 »  External Through Auto Vehicle Trips

199 »  External Through Truck Vehicle Trips

200  For this study, the first 13 categories were combined to attain the total trips taken. All Home Based Work
201  trips were combined into one category. Home Based Non-work Retail and Home Based Non-work Other
202 will be the other categories included for this study.

203 Since these CAMPO O-D matrices were obtained only two years before the Foursquare data are
204  collected, the difference between the O-D matrix derived from CAMPO and Foursquare should be
205  minimal if the latter one can provide accurate results.

206  The Foursquare data collection

207 The data collection program utilized the latest version (Version 2) of Foursquare API(18). The API
208  endpoints provide methods for accessing the venue real-time status through a URL. A computer program
209  is written to obtain the latest status of all venues in the Austin area every hour. The program started

6
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210  running since June 11, 2012. Data from the first three weeks till July 2, 2012 are used for model
211  calibration and analysis. An additional one-day data from July 18" are used to study the bi-hourly travel
212 pattern

213 PRELIMINARY ANALYSIS OF THE CHECK-IN DATA

214 In this section, a preliminary analysis is conducted on the characteristics of the check-in data by
215  investigating how the check-ins distribute in space and when people use Foursquare LBSN service. The
216  locations of the 19,170 venues are represented using a dot in Figure 2a. The venues are more densely
217  distributed in central area.

# of Venues

oo

B 255
B 62240

%%g FIGURE 2 Foursquare venues locations and their categorical distribution among TAZs.
220
221 TABLE 1 Austin Area Foursquare Venue Characteristics
Category ffgrflues Percentage ?i#n(s)f Check- Percentage ﬁl\slg Check-
Colleges & Universities 719 3.8% 367866 5.5% 512
Shops & Services 5187 27.1% 1389636 20.9% 268
Food 2809 14.7% 2021897 30.4% 720
Nightlife Spot 547 2.9% 669712 10.1% 1224
Arts & Entertainment 592 3.1% 324249 4.9% 548
Travel & Transport 792 4.1% 479305 7.2% 605
Professional & Other Places | 4679 24.4% 832999 12.5% 178
Great Outdoors 1596 8.3% 278065 4.2% 174
Residences 711 3.7% 182825 2.7% 257
Unclassified 1538 8.0% 102692 1.5% 67
222 Table 2 shows several statistical results of the venues aggregated by different categories. The
223 “Shops & Services” and “Professional & Other Places” categories have the largest number of venues.

224 However, “Food” attracted the most total check-ins. The “Nightlife Spot” category had the highest
225  average check-ins. The “Unclassified” venues totaled 1538, but only had 1.5% of the total check-ins
226 which is a small enough percentage to be eliminated in our travel demand analysis.

7
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227 To investigate the temporal characteristics of how people use the Foursquare LBSN services, the
228  number of check-ins are aggregated by each venue category for weekdays and weekends and for different
229  hours of the day.

230
5000
©
3 4000
@ 3000
Q
@ 2000
m ol "
F o | mlll  wm [
(®] Colleges Professi
Arts &. & Great Nightlife | onal & | Residen | Shops & Travel &
Entertai . . Food | Outdoor . Transpo
Universi Spot Other ces Services
nment . s rt
ties Places
m Weekday 544 517 4110 1062 1011 2242 896 3145 1216
B Weekend 791 138 4464 1208 1553 1012 534 4099 1089
231
232 FIGURE 3 Weekday versus weekend check-in pattern.
233
234 Figure 3 shows the check-in patterns in weekdays versus weekends. More check-ins can be found

235  at “Colleges and Universities,” “Professional & Other Places,” “Residences,” and “Travel & Transport”
236  locations during the weekdays than during the weekends; while the check-in frequency for the “Arts &
237  Entertainment,” “Shops & Services,” and “Nightlife Spots” locations is much lower during the weekdays
238  than the weekend. “Great Outdoors” and “Food” attracts slightly more check-ins on the weekend.

239
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240 5. METHODOLOGY

241  5.1. Trip Distribution Modelling

242 The base model used in this study for trip distribution is a gravity model based formulation proposed
243 in (23).
244 B=Y0,x,.i=1,2,..,7]
245 A,=>0x,.j=1,2,..77
_ AF,
246 S (1)
Z AF;
J
247  Where

248  x;,: Check-ins for venue type # in origin zone i

249  x;,: Check-ins for venue type » in destination zone j
250 o, The ratio of trip production to Foursquare check-ins.
251 o,: The ratio of trip attraction to Foursquare check-ins.

252 T Trips made between origin zone i and destination zone ;.

1)

253  P;: Production from zone i

254 A; Attraction of zone j

255  Fj: Friction function

256  The two adjustment ratios, o, and o, are used to adjust the estimated trip production and attractions to
257  cope factors such as Foursquare penetration rate over total travelers and venues in a TAZ and Foursquare
258  user’s willingness to check in. The friction factor function (F;) uses the following three formulations
259  including the linear function, the Negative Exponential function(70) and the gamma function as the
260  following.

261 Linear: F; =+ fid; )
262 Negative exponential: F}; = ae ™ 3)
263 Gamma: £ = a’-dijﬁey'd” 4)
264  Where

265  «: apositive scaling factor controlling the overall range of function values

266  f:apositive or negative constant value which affects the distribution of shorter trips

267  y: A parameter of transport friction related to the efficiency of the transport system between two locations.
268  yis always negative and can affect the distribution of longer trips.

269  dj: The Manhattan distance between the centroids of origin zone i and destination zone j in miles.

270  Furthermore, in our preliminary analysis, it is found that the impedance as indicated by CAMPO OD data
271  has different trends for short-distance trips and long-distance trips. Therefore, the friction factor function
373  isrevised to become a two-regime function.

Ej(dy‘): FJ(S)(dy‘ )[dg,»STd + Ej(l)(dy‘ )[dy ST, )

274 where Ijause 1s an indicator function for a logic clause (Ijcause; = 1 if the clause is true; otherwise, Ijcjause) =
275 0), the superscript s and / indicates short-distance trip regime and the long-distance trip regime,
276  respectively, and 7, is the threshold to determine the regime. Model parameters in both regimes and 7,
277  needs to be calibrated using ground truth OD matrix. Selecting from Equation 2 to 4, 9 different
278  combinations of friction function types are explored.

9
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279 5.2. Model Calibration

280 A total of 15 different models are to be calibrated and compared with the proposed five venue
281  classification methods and three friction functions. The singly-constrained method is implemented for trip
282  balancing. The genetic algorithm is used to obtain the parameters for each model, and the objective
283  function is to minimize the MAE (Mean Absolute Error) between the modeled O-D matrix and the ground
284  truth O-D matrix. We use the coincidence ratio to evaluate the performance of the 15 models. The
285  coincidence ratio measures the percent of the area that "coincides" for the two curves or distributions to
286  compare(6). The daily average Foursquare check-in data for the entire study period are used as the inputs
287  to the gravity model to match the characteristics of the CAMPO O-D matrix. In evaluating the fitness of
288  the model, we compare the percentage of trips in each trip length interval for CAMPO’s survey trips and
289  the predicted trips. The trip length interval is defined as 0.25 miles in our study, and the maximum trip
290  length is 6 miles long which results in 25 intervals. The coincidence ratio is defined as the following

> min(p, p;)

291 CR = (6)
> max(p”, p)
292 Where p.” : the percentage of trips in interval / in the predicted trips from Foursquare data.
293 pl.o : the percentage of trips in interval 7 in the survey trips from CAMPO.
294 CR takes the value in [0, 1]. When CR = 0, the two distributions are completely different; while when CR
295 =1, the two distributions are identical. In this study, higher coincidence ratio between Foursquare results

296 and CAMPO results indicates a better model. The coincidence ratios for the 15 models tested are listed in
297  Table 4.

298
299 TABLE 2 Coincidence Ratios for the Different Combination Friction Factor Models
Long Trip
Linear | Neg. Exp. | Gamma

E Linear | 0.31 0.85 0.69

5§ | Neg Exp. | 0.32 0.32 0.70

% | Gamma | 031 | 070 | 0.0
300
301 Table 4 listed the calibration results for two-regime friction factor function. It is found that linear

302  model has issues for describing the trip friction characteristics of long trip; while negative exponential
303  function may not yield satisfactory results for short trips. The best overall results is achieved by using
304  linear model for short trips and negative exponential for long trips. The best friction factor model with
305  parameters is as the following.

( ) {0.0029+0.0030-dij, d. <826
i/ =

306 F.ld ~ ) I
0.7710-¢ 003

, 7
/ d; >8.26 @

307

10

TRB 2013 Annual Meeting Paper revised from original submittal.



308

309

310
311
312
313
314
315
316
317
318
319
320

321
322

323
324

325
326

6. MODEL EVALUATION AND APPLICATION

6.1. Model Evaluation

In order to compare the calibrated Foursquare O-D matrix with CAMPO ground truth matrix
three different approaches are used including the comparison of the trip length distributions, the zonal O-
D flow patterns and the zonal trip generation/attraction heat maps.
The trip length distribution curves are the same as those defined for calculating the coincidence
ratio, whose curves can illustrate how well the model output matches the ground truth data. Figure 4a
demonstrates the comparison results between the survey and predicted trips. Relatively consistent
matching can be observed, although, Foursquare data slightly underestimates the number of long trips.
Figure 4b illustrates the cumulative trip length distributions. It can be observed that the trips predicted by
Foursquare data accumulate faster for shorter trips than the CAMPO trips. In general, the two curves
follow the same paths and data points are located within close proximity to one another in both plots,

demonstrating the feasibility of the proposed method.
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FIGURE 5 Zonal O-D pattern comparison.

By sorting all TAZs based on its CAMPO zonal attractions, Figure 5 compares the O-D flow pattern
between the CAMPO O-D matrix and the Foursquare matrix. The zonal flow pattern can be regarded as
the visualization of the O-D matrices. The horizontal axis represents the origin zone, and the vertical axis
is the attraction rates in numerical order. Each grid (i, ) in the diagram displays the adjusted O-D flow
intensity /; from zone i to zone j defined as the following.

~

T.
Il.j zlogm —y,\ (8)
T,

Dark color represents high O-D flow, and light color suggests low O-D flow. As shown in Figure 5, the
Foursquare flow pattern and the CAMPO flow pattern exhibit similar characteristics in terms of the
frequency distribution. Slight inconsistency can be found for OD pairs between the lower 200 origin
zones and higher 200 destination zones where Foursquare slightly underestimated the OD flow. The zonal
trip productions and attractions obtained from the CAMPO O-D matrix and the modeled matrix are color
coded in Figure 6. Larger values were represented by darker colors and smaller values by lighter
colors. O-D pairs with zero trip counts in CAMPO data are identified as blank areas in the O-D flow
figure. Analysis between the ground truth data and the modeled data suggest a consistence between the
CAMPO O-D and modeled matrices. However, some inconsistencies can be found within the production
heat maps. These inconsistencies can be attributed to the relatively lower number of check-in of
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346  Foursquare data at residences, which may also explains the slight inconsistencies in Figure 6. Despite the
347  inconsistencies, in general, the above comparisons indicate significant similarity between the O-D matrix
348  generated from the model and the CAMPO O-D matrix.

349
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350 FIGURE 6 Zonal production/attraction heat maps.
351  6.2. Model Applications
352 In this section, the calibrated gravity model is applied to the daily Foursquare check-ins statistics to

353  analyze the bi-hourly travel demand pattern in the Austin area. Admittedly, since the CAMPO data
354  represents static average daily travel patterns for workdays, the calibrated model is only accurate for the
355  average workday O-D matrix. But to explore its potential as a dynamic OD monitoring tool, the model is
356  extended to a bi-hourly temporal resolution to investigate whether the resulting patterns are consistent
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357  with the empirical experience. We use the OD demand data from Foursquare for Wednesday, July 18",
358 2012, which is not within the three-week range for the model calibration. Both the zonal attraction heat
359  map (Figure 7) and the OD pattern diagrams (Figure 8) similar to Figure 5 are provided for each hour.

B B ) f‘ffi‘:«“

360
361

362
363

364 '
365 16:00-18:00
366

367 FIGURE 7 Bihourly zonal trip attraction heat map for all trip purposes.

368

369 The bi-hourly zonal attractions pattern fits well with the expected daily activities in the Austin
370  area. The trip intensity during the night time is less than that during the day time. The activity level
371  reaches the minimal between 2 to 6 am. The morning activity peak is around 8-10 am. Around 12 to 2 pm,
372  anoon activity peak is observed which is consistent with the lunch time. Another activity peak can be
373  found around 6 to 8 pm, when most dinning, shopping, and entertainment activities may occur.
374  Foursquare data exhibits good coverage over the night time activities in Austin and some residual travels
375  can also be observed between 0 to 2 am indicating people returning home from their late night activities.
376  Figure 8 illustrates the distribution of trips among different zones. TAZs are still in the descend order
377  CAMPO zonal attraction. OD flows distribute more evenly during the morning than the afternoon. During
378  activity peak periods, trips may distribute more intensively between high-attraction zones, which can
379  create pressure on the surrounding transportation infrastructures.

18:00-20:00 20:00-22:00 22:00-24:00
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382 FIGURE 8 OD trip distribution for all trip purposes (zones ordered by zonal attractions).

383 7. CONCLUSION

384 This paper investigates the feasibility of using the location-based social networking (LBSN) data to
385  analyze the urban travel demand pattern in Austin TX USA. The study uses the checkin data from the
386  leading LBSN provider, Foursquare, and the ground truth OD matrix from CAMPO. Compared with the
387  traditional O-D estimation methods, LBSN data have better spatial and temporal coverage, built-in user
388  verification, real-time updating capability, and much lower data collection cost. A gravity model based
389  method is proposed to estimate O-D matrix based on the Foursquare “check-in” data. To fit the
390  Foursquare data and the travel demand characteristics of Austin area, a two-regime friction factor model
391  is proposed. Three different types of friction factor functions are evaluated for both the short-distance and
392  long-distance trips respectively using using the coincidence ratio between the model and the ground truth
393 O-D matrix. The model with the linear friction function for short-distance trips and negative exponential
394 friction function for long-distance trips achieves the best results. Using the calibrated model, we further
395  investigate the static and dynamic geographical zonal production and attraction pattern and OD flow
396  pattern. The results are found to be consistent with the travel and activity routines in the Austin area.

397 In addition, we extended the model to obtain bihourly O-D matrix, the result O-D pattern are
398  consistent with the empirical knowledge, which implies promising potentials of using LBSN data to
399  monitor travel demand.
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