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Abstract—In this research, a taxi travel time based 

Geographically Weighted Regression model (GWR) is proposed 

and utilized to model the public housing price in the case study 

of Singapore. In addition, a comparison between the proposed 

taxi data driven GWR and other models, such as ordinary least 

squares model (OLS), GWR model based on Euclidean distance 

and GWR model based on public transport travel time, have 

also been carried out. Results indicates that taxi travel time 

based GWR model has better fitting performance than the OLS 

model, and slightly better than the Euclidean distance-based 

GWR model, however, it is not as good as the GWR model based 

on public transport travel time according to the metric of 

Adjusted R2. These experiments indicate that the public 

transport travel time may has a major part to play in modeling 

the public housing resale prices compared to taxi travel time or 

driving time, and both the taxi travel time and public transport 

travel time can better explain the public housing resale prices in 

Singapore compared to Euclidean distance in the GWR 

modeling.  

Keywords—hedonic model; GWR; public housing prices; taxi 

I. INTRODUCTION  

The analyses of housing prices from spatial and/or 
temporal perspective have received a lot of attention in the 
past decades [1-5]. Many researchers have employed spatial 
analysis approaches, such as hotspot analysis and kernel 
density estimation [6], to model housing prices. Driven by the 
technological innovation, more data sources like spatio-
temporal big data [7] and remote sensing images [8], and 
methods, such as machine learning, and deep learning [9], 
have been introduced to help explore and explain the spatio-
temporal variation of housing prices in different research areas. 

The most commonly used model in housing price 
modeling related studies is the hedonic model [10]. Initially, 
researchers often utilized the ordinary least squares model 
(OLS) to reveal the change of house prices. In addition to 
these socio-economic indicators that are affecting the housing 
prices, such as government policies [11,12], economy and 
population dynamic changes [13]; micro-scale level spatial 
and non-spatial characteristics have also been widely 
considered while modeling housing prices, such as the 
distances to bus stops [14], distances to CBD area [15], floor 
level [16], plot ratio [17], age of the property [18].  

As a global model, OLS is not able to well reflect the 
spatial non-stationarity, which is understood as part of the 
nature of the spatial variation of housing prices in general. 
Researchers started to apply geographically weighted 
regression model (GWR) with different forms to help better 
model the house prices in a variety of researches [19]. Most 
existing studies based on GWR models used Euclidean 
distance matrix to measure the spatial patterns of house prices 
across different regions, while some scholars [20] argued that 
non-Euclidean distance, including road network distance and 
travel time based on road speed limit, performs better than 
Euclidean distance in estimating and explain the housing 
prices variation. The widely used smartcards in commuting 
and the big volume of smartcard transactions records enriched 
the approaches to capture people’s actual travel time. In 
addition to help better define the spatial independent variables 
in global hedonic models, it can also help to improve the 
design of the GWR model. For example,  Cao et al [7] have 
successfully utilized the transaction records of Singapore’s 
transportation smartcards, namely EZ-link card, to generate 
the spatial weight matrix based on public transport travel time 
to help improve the performance of GWR model. However, 
there is still lack of studies exploring how big data could 
contribute to the modeling of housing prices. With no doubt, 
big data and big data analytics bring tremendous opportunities 
to help better address various issues in the era of the big data. 

In this study, a Taxi travel time based GWR model is 
proposed and utilized to model the public housing price in 
Singapore. Moreover, a comparison between the proposed 
taxi data driven GWR and other models, such as OLS model, 
general GWR model based on Euclidean distance and GWR 
model based on public transport travel time considering the 
same independent variables, will also be performed. Both 
spatial and non-spatial variables will be considered in the 
experiment. The overall structure of this article includes five 
sections. Apart from Section I, which is introducing the 
research background and relevant studies, Section II 
introduces the data sets and the research area, then Section III 
explains the methods and models that are employed in this 
research, followed by an analysis and comparison of the 
results obtained based on different models in Section IV. The 
final Section V summarizes this research and discusses the 
limitations as well as the future directions of this research. 
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II. RESEARCH AREA AND DATASETS 

A. Research area 

Singapore is a highly populated city state in Asia. By 2020, 
5.686 million people in Singapore reside in a total of around 
728.6 square kilometers area. The types of real estate in 
Singapore can be divided into the public housing and private 
housing in general. The public housing is developed and 
managed by the Singapore Housing Development Board 
(HDB), which accommodates more than 80% of the total 
Singapore population. The private housing in Singapore 
includes condominium apartments and landed houses, which 
are in general more expensive and just serving the minority of 
the overall population. In this research, given these 
characteristics of public housing in Singapore and the data 
availability, the resale market prices of HDB flats are 
investigated in this study. 

 

The HDB flats transaction records collected in this 
research include 218,560 public housing transactions 
happened in 2011. The dataset contains detailed information 
of each flat such as street address, flat age, flat area, and floor 
level as well as transaction time and price. The HDB buildings 
were geocoded to obtain the geographic coordinates. And the 
transaction data were also aggregated into 331 model traffic 
zones (MTZ) to support the further research. Figure 1 
indicates the spatial distribution of HDB flats at the level of 
MTZs in Singapore. These MTZs in dark red are MTZs with 
HDB blocks, while the other MTZs in grey have no HDB 
blocks inside. 

 

 

Fig 1. Distribution of HDB Flat Transaction Data 

2) Singapore taxi travel dataset 
The taxi data set contains 3.2 million taxi operation 

records collected in seven consecutive days from June 15 to 
June 22, 2011. Each record consists of unique ID of  taxi , start 
time, end time, travel distance, cost, duration, longitude and 
latitude under the WGS84 coordinate system. Records that 
have extremely long travel time were eliminated from the 
dataset to ensure the accuracy of aggregated results. All the 
datasets have also been anonymized according to the private 
policy. In addition, an origin-destination (OD) time matrix is 
generated based on the calculated time between each pair of 
MTZs. Linear interpolation approach was used to estimate the 
travel time of those MTZ pairs without direct travel records. 

3) Singapore facility dataset 

To support the modeling of public housing prices, several 

facilities datasets were collected as the potential spatial 

influence factors of housing prices [21], including parks, 

major hospitals, top tier primary schools, CBD area, MRT 

stations. The distances between these facilities and MTZs 

were calculated to be utilized in the model as spatial variables. 

In addition, the bus stop number in each MTZ was also 

counted as a variable. 

 

 
Fig 3. The Facilities distribution in Singapore 

 

III. METHODOLOGY 

A. Hedonic Model 

Hedonic model is designed to investigate the roles of 
characteristics of house in determining the housing prices [22]. 
In this study, we divide these features into two groups, namely 
structural or non-spatial features, and locational or spatial 
features. A hedonic model can be defined as formula (1): 

                            𝑃 = 𝐹(𝑥1, 𝑥2, 𝑥3,······, 𝑥𝑛)                     （1） 

where 𝑃  represents the housing price, 𝑥1, 𝑥2, 𝑥3,······
, 𝑥𝑛 represents the housing characteristics. 𝐹  represents the 
fitting function, which can be a linear function or a nonlinear 
function. 

B. GWR model based on taxi travel time 

 As a local regression model, GWR considers the non-
stationarity of various spatial variables. It has been 
successfully applied in many studies from a wide range of 
fields, such as epidemiology [23]  population, environmental 
pollution [24], housing price modeling [7].  The conventional 
GWR model can be expressed by formula (2) [25]: 

𝑦𝑖 = ∑ 𝛽𝑘(𝑢𝑖𝑣𝑖)𝑥𝑖𝑘 + 𝛽0(𝑢𝑖𝑣𝑖) + 𝜀𝑖
𝑚
𝑘=1             (2) 

 Where 𝑦𝑖  represents the predicted house price of the 
location 𝑖 , 𝑥𝑖𝑘(𝑘 = 1,2 … 𝑚)  represents the value of 
independent variables at the location 𝑖, (𝑢𝑖𝑣𝑖) represents the 
coordinate of location 𝑖 , 𝛽𝑘(𝑢𝑖𝑣𝑖)  represents the 
coefficient of these independent variables at location 𝑖 ,  
𝛽0(𝑢𝑖𝑣𝑖)  represents the intercept of the regression 
formula. In addition, 𝜀𝑖  refers to the error term in the 
model. 

 Generally, GWR Model relies on Euclidean distance to 
measure the spatial proximity between different sub regions. 
Spatial weight matrix is the key component within GWR 
model that may significantly affect the effectiveness of the 

B. Datasets and Preprocessing

1)Singapore public housing transaction records



 

 

model. The default approach is to generate Euclidean distance 
based spatial weight matrix. With the continuous development, 
research on GWR model based on non-Euclidean distance 
spatial weight matrix started to be explored. For instance, Lu 
et al. [20] utilized Manhattan distance to construct the spatial 
weight matrix, which promoted the fitting performance of 
GWR model greatly [26]. Cao et al [7] innovatively proposed 
and utilized a public transport travel time based GWR model 
based on millions of smartcard transactions to model the resale 
prices of HDB flats in Singapore. 

 In this research, a GWR model based on taxi travel time is 
developed. Millions of taxi travel records are utilized to 
extract travel time between different MTZ pairs. In order to 
analyze the records at MTZ level, the records are mapped to 
the MTZs according to the coordinates of the origin and 
destination points. Then the mean travel time is calculated 
between each MTZ pair to construct the travel time matrix. 
Nevertheless, some of the MTZ pairs don’t have valid taxi 
travel records, hence, a linear interpolation approach has also 
been utilized to estimate travel time in these MTZ pairs 
instead. Since the data is anonymized, the record loses exact 
location after being mapped to the MTZ, which might bring a 
huge error to the accuracy of the records with short travel 
distances, therefore these records where the origin and the 
destination are within the same MTZ are also excluded to 
ensure the reliability of the aggregated travel time matrix. 
Moreover, for short trips via taxis or driving, the boarding and 
alighting time as well as the waiting time due to the traffic 
conditions may impose significant uncertainties to the overall 
travel time, and given that people may not be very sensitive to 
the taxi travel time or driving time for short trips while buying 
flats or houses, hence, we have removed the trips that were 
shorter than a certain distance to avoid the possible uncertainty 
caused, instead, linear interpolated travel time is utilized. 

 To optimize the performance of the model, the parameters 
have also been calibrated. First, to determine the threshold 
value of duration to be substituted, 5 km is employed as the 
basis and 0.1 km as the step size to search for the best 
threshold value. Result indicates that 5.6 km is the best 
calibrated distance. In addition, the bandwidth of GWR Model 
is also optimized according to AICc criterion. 

 

IV. ANALYSES AND RESULTS 

A. Analyzed results using the GWR model based on taxi 

travel time 

In the experiment, these independent variables considered 
include mean age of HDB flat in each MTZ, Mean Floor level 
in each MTZ, distance from centroid point to CBD, distance 
to the nearest MRT station or park. After running the taxi 
travel time based GWR model, the result is shown in Table 1. 

TABLE I.  ESTIMATION RESULTS BASED ON THE TAXI TRAVEL TIME 

BASED GWR MODEL 

Variable 

Taxi Travel Time 

Based GWR Result 

coefficients （mean 

value） 

𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 0.853201 

𝑉𝐴𝑔𝑒 -0.24518 

𝑉𝐹𝑙𝑜𝑜𝑟 -0.26759 

Variable 

Taxi Travel Time 

Based GWR Result 

coefficients （mean 

value） 

𝑉𝑃𝑎𝑟𝑘_𝑑𝑖𝑠 -0.02521 

𝑉𝐶𝐵𝐷_𝑑𝑖𝑠 -0.42351 

𝑉𝑀𝑅𝑇_𝑑𝑖𝑠 -0.22554 

𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 0.7873 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.889 

 

It is noted that non-spatial or structural attributes affect the 
resale prices a lot, the mean coefficients of mean age and mean 
floor are around -0.24 and -0.26, respectively. The spatial or 
locational attributes also play an important role, especially the 
distance to the CBD area and the nearest subway station, i.e., 
MRT station. The mean coefficients are around -0.42 and -
0.22, respectively. In addition, the 𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 of the model 
has reached 0.889, showing that 89% of the unit price change 
of HDB flat can be explained by this model. Result indicates 
that the GWR hedonic model based on taxi travel time is 
capable of effectively help explain and estimate the house 
prices in the case study. 

B. Comparision between the GWR model based on taxi 

travel time other other peer models 

To evaluate the performance of this proposed GWR model 
based on taxi travel time for modeling house prices, a 
comparison between the GWR model based on taxi travel time 
and other representative models, such as OLS regression 
model, the GWR model based on Euclidean distance and the 
GWR model based on public transport travel time [7], has 
been conducted according to the same independent variables. 
The comparison results can been see in Table II. 

TABLE II.  PERFORMANCE COMPARISON OF DIFFERENT MODELS 

Standardized 

coefficients 

Model Comparison 

Taxi Travel 

Time Based 

GWR 

OLS  ED Based 

GWR 

PT Travel 

Time Based 

GWR  

Bandwidth 0.7873 Global 0.6119 1.1434 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 0.889 0.6950 0.8873 0.9589 

 

All these models perform well in the experiments, the most 
commonly used OLS model performs the worst compared to 
all the other models in terms of the Adjusted R2, but it still has 
reached 0.695.  In comparison, the GWR model using 
Euclidean distance has reached more than 0.887, while the   
GWR model using public transport travel time and the GWR 
model using taxi travel time have reached 0.9589 and 0.889, 
respectively. It is noted that the travel time based GWR 
models outperform Euclidean distance based GWR model, 
and GWR models perform better than the mostly used OLS 
model. It is not surprising and aligns with our understanding 
on how the spatial distribution of house prices can be modeled 
and explained. As a global model, the OLS model can only 
establish one model for the entire research area, however, as 
one of its characteristics, the spatial variation in the price of 
resale housing also has spatial non-stationarity. Hence, the 
local models, such as GWR models might be able to perform 
better in general when considering constructing various local 
models instead. In addition, it also echoes our common sense 



 

 

that the performance of the GWR models based on travel time 
is more superior than the GWR model based on Euclidean 
distance given that people may have more direct sensing of 
travel time while considering how convenient the flat they 
plan to buy really is, and how much they really would like to 
pay for it. Apart from the Adjusted R2, the values of the 
bandwidth for the travel time based GWR models are also 
larger than Euclidean distance based GWR model in this case 
study.  

It is also noted that the performance of the GWR model 
using taxi travel time is not as good as the performance of the 
GWR model using public transport travel time in this case 
study, which is a bit different from our hypothesis that the 
GWR model using taxi travel time might be better than or at 
least similar as the GWR model using pubic travel time in 
modeling housing prices in this case study. According to the 
result we have obtained, we believe that it is attributed to the 
characteristics of prices of HDB flats in Singapore we are 
studying. As we have mentioned, the HDB flats in Singapore 
accounts for the majority of the housing market in Singapore, 
but as the government subsidized housing, there are some 
restrictions on the income level of the owners and transactions. 
And in addition, the public housing in Singapore, namely 
HDB blocks, are initiated by the government and mostly very 
close to these public transport facilities, including MRT 
stations and bus stops. Meanwhile, the private housing in 
Singapore, such as condominium apartments and landed 
houses, are purely market driven and occupied by relatively 
high-income residents. Hence, the resale prices of public 
housing, i.e., HDB flats, could better be explained by the 
public transport travel time as what we have found out in the 
experiments. Furthermore, it can also demonstrate that the 
government of Singapore did a good job in providing very 
convenient and good quality public housing to the population 
residing in HDB blocks in Singapore. It might be highly 
possible that the GWR model based on taxi travel time might 
perform better while modeling private housing prices in 
Singapore.  

 

V. CONCLUSION AND DISCUSSION 

In this research, a GWR model using taxi travel time has 
been proposed and utilized to model the HDB flats resale 
prices in the Singapore. In addition, a comparison between the 
proposed GWR model using taxi travel time and other models, 
i.e., OLS model, GWR model using Euclidean distance and 
GWR model using public transport travel time, have also been 
conducted. The experiments and comparison results 
demonstrate that the GWR model using taxi travel time 
performs superior than the OLS model, and slightly better than 
the GWR model using Euclidean distance as well. 
Nevertheless, it is worse than GWR model using the public 
transport travel time in this case study according to the metrics, 
i.e., Adjusted R2 and Bandwidth. These experiments indicate 
that the public transport travel time may be more effective in 
the modeling of the public housing resale prices compared to 
taxi travel time or driving time, and both the taxi travel time 
and public transport travel time can better explain the public 
housing resale prices in the research area compared to 
Euclidean distance in the GWR modeling.  

This research has demonstrated the capability of our 
proposed travel time based GWR model in terms of modeling 
the public housing resale prices in Singapore. Moreover, this 

research has also explained and discussed why the proposed 
model might not be as good as the public transport travel time 
based GWR model according to their performance 
comparison in the case study. We also hope this research could 
further promote the efforts and discussion from more scholars 
on exploring how big data can help contribute to the 
improvement of different spatial models, apart from help more 
comprehensively and in-depth reveal different spatial or 
geographic phenomena from different facets. On the other 
hand, there is still room for improvement in this research. For 
example, the independent variables considered in the 
modeling could be more comprehensive if collected datasets 
allow; the taxi travel time is aggregated information based on 
MTZs that might bring some uncertainty as well to the 
experiments results, smaller scale would be able to bring 
forward more details and findings in this research. Of course, 
we would definitely like to improve our research in the future 
on these aspects. In addition, given that the taxi travel time 
based GWR model is outperformed by the public transport 
travel time based GWR model in the modeling of HDB flat 
resale prices in Singapore, we believe that the situation might 
be different while modeling private housing prices in 
Singapore, which might be more significantly affected by the 
convenience brought by the shorter taxi travel time or driving 
time. It will also be another direction of our research in the 
future.  
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