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Abstract Assessing jobs-housing balance (JHB) and commuting efficiency is crucial
to urban and transport planning. However, the scale dependency problem, meaning that
metrics may be biased as they rely on an arbitrary search radius or pre-defined jurisdic-
tional division, remains unresolved. This paper proposes to apply clustering method to
multi-scale indicators for evaluating aggregate patterns of jobs-housing relationship and
commuting time—cost. We based our analysis on individual commuters extracted from cell
phone data, a reliable substitute for travel surveys. After the commuter origin-destinations
are carefully inferred, we draw two types of curves to represent the multi-scale charac-
teristics of jobs-residence relationship and commuting efficiency. One is the multi-scale
index curve (MSIC) of jobs-residence ratio that measured within multiple scales. Another
is the probability density curve (PDC) of commuting time—cost. Then we applied the affin-
ity propagation clustering method to the curves and detected six patterns of MSIC and ten
of PDC. By comparing our result with the conventional methods we showed that the lat-
ter’s classification accuracy never exceeds 60% when an arbitrary radius or metric is used.
Moreover, we correlated the jobs-residence ratio with the average commuting time—cost
and confirmed a positive effect of JHB, which, however, also varies dramatically with dif-
ferent search radius. Additionally, we conducted an overlay analysis of the MSIC and PDC
patterns and obtained eight joint-patterns as well as spatial divisions which contributes
effectively to our understanding of the commuting issues in Shanghai.
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Introduction

The concept of jobs-housing balance (JHB) describes the relationship between the con-
figuration of workers and jobs within a given geographical area. An area is considered
balanced when the resident workers can obtain a job within a reasonable travel distance
and when the available housing types can complement a variety of employees’ housing
demands (Cervero 1991; Giuliano 1992). Planners, academics, and policy-makers gen-
erally consider JHB as positive because reducing the spatial separation between homes
and jobs increases the potential for sustainability outcomes such as shorter commutes
and reduced use of motorized modes (Cervero 2002; Cervero and Duncan 2006; Guo
and Chen 2007), whereas an imbalance in jobs and housing creates longer commute
times, more single driver commutes, loss of job opportunities for workers without vehi-
cles, traffic congestion, and poor air quality (Zhou et al. 2012a).

However, the complicated causal effect between JHB and commuting efficiency
should be acknowledged. Researchers show that the positive effect of JHB could be sta-
tistically significant but not very large (Giuliano and Small 1993; Levine 1998; Wachs
and Kumagai 1973), or only existing under certain circumstances such as extreme jobs-
housing ratio values (Peng 1997) and private car ownership (Blumenberg and Ong
2001; Zhou et al. 2012b), or could be not significant at all (Wachs et al. 1993). Even the
standard of JHB is not consistently defined across studies. Consider the most frequently
used metric, i.e., the jobs-housing ratio (Cervero 1988; Cervero 1989) or jobs-workers
ratio (Horner 2007; Merlin 2014; Zhou et al. 2013), which have been applied at regional
or intra-metropolitan level in many studies. To Cervero (1989), the ratio’s upper ceil-
ing should be 1.5, and if it gets bigger, there can be an undersupply of houses to meet
the needs of the local workforce (Cervero 1989). Frank (1996) defined the balanced
jobs-housing relationship within census tracts as a ratio between 0.8 and 1.2 (Frank
1996). And Peng (1997) found that only when the jobs-housing ratio is less than 1.2
or larger than 2.8 do VMT (vehicle miles traveled) vary noticeably as the jobs-hous-
ing ratio changes. In fact, it is inappropriate and even misleading to consider jobs and
housing balanced only when the residents live and work in the same census tract or
neighborhood.

These contradictions reflect one of the most limitations of the JHB measurement, the
scale dependence problem, meaning that the metrics vary with analytical scale, such as
an arbitrary search radius or pre-defined jurisdictional division. Researchers may argue
that a proper search radius is 9.7-12.9 (Livingston 1989) or 4.8—16.1 km (Deakin 1989).
Some researchers have noticed the limitation and tried to provide alternative metrics.
Peng (1997) proposed a better choice which use several buffers as floating catchment
areas to calculate the JHB ratio. But he did not provide analytical methods to handle the
multi-scale indicators that resulted from the floating radius. In fact, the effect of scale
and spatial unit definition on excess commuting (EC) values was identified at the incep-
tion of the commuting efficiency framework by Small and Song (1992) and was later
systematically studied by Horner and Murray (2002). In the latter study, they showed
that EC varies by 21.86 percentage points between the most (286 zones) and the least
disaggregated (25 zones) scales and by 10-25.53 percentage points for different parti-
tioning schemes. Niedzielski et al. (2013) tested some more related metrics and found
that the newer ones are scale independent because their values are not dependent on the
areal units. However, despite the widespread use of jobs-housing ratio, the side effect of
scale dependence problem is not investigated yet. More importantly, new methods are
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required to help the indicators like jobs-housing ratio maintain their comprehensibility
as well as avoid the scale dependency limitation.

This paper proposes to handle the scale dependence problem in a straight-forward
way, which is to measure the metrics at every scale (search radius) and use a distribution-
based clustering method to identify aggregate patterns. Although the importance of other
metrics of commuting efficiency, such as excess commuting metrics (Murphy and Kil-
len 2011; Niedzielski 2006), is acknowledged, to focus on the above problem, here the
commuting efficiency is simply defined as the realistic transportation cost of commuting
trips. We applied our method on two indicators, i.e., the jobs-residence ratio and commut-
ing time—cost, to provide a better understanding of the intervening relationship between
them and to show how our method can be generalized to other indicators that limited
by the scales. Besides, since the official travel survey data in China suffers from update
rate and tight regulation, in this paper we based our analyses on the potential commuters
extracted from cellular signaling data (CSD), which captures the location of a user once his
cell phone communicates actively or passively with the cellular network via a tower. And
through this study we also showed the potential of such a dataset for individual-level analy-
sis of commuting issue.

Therefore, this paper consists of three sections: (1) extract home and job location of
potential commuters from the CSD; (2) generate the jobs-residence ratio multi-scale index
curve (MSIC) and commuting time—cost probability density curve (PDC) of each unit, and
use affinity propagation clustering method to detect patterns and evaluate the bias of con-
ventional method/metrics; (3) test the correlation between jobs-residence ratio and average
commuting time—cost and evaluate the side effect of scales on it; and (4) conclude joint
patterns with overlay analysis and discuss the key commuting issues revealed in Shanghai.

Data preliminaries
Data overview

The usability of CSD comes from studies at both individual level and aggregate level.
researchers have explored ways to extract activity sightings from these datasets (Bayir et al.
2010; Calabrese et al. 2013; Gonzalez 2013). Endorsement from validations has made
these datasets reliable substitutions of traditional surveys (Jiang et al. 2013; Widhalm et al.
2015). At aggregate level, similar research subjects mainly focus on identifying and assess-
ing origin—destination matrices (Duan et al. 2011; Igbal et al. 2014; Rokib et al. 2015;
Sohn and Kim 2008) and traffic flows (Alexander et al. 2015; Becker et al. 2011; Colak
et al. 2016; Holleczek et al. 2014; Tettamanti and Varga 2014; Toole et al. 2015). This
paper follows the feasible methods in these studies with adjustments based on validation
from the census data.

Our dataset consists of anonymous signaling records collected from more than 15 mil-
lion phones, from one of the largest mobile operator in Shanghai within two weeks in
march 2014. Once a cell phone communicates with the cellular network via a tower, a
record may be generated and formed by (1) an anonymous device ID; (2) a time stamp; (3)
an ID of the connected tower, allowing us to reconstruct the user’s trajectory; and (4) the
communication event type, as the examples shown in Table 1. Compared with census data
in Shanghai, which only have about 5 thousand census tracts, the CSD provides traces of
urban activities in a better resolution with 37 thousand towers (Fig. 1).
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Table 1 An example of cellular signaling record

(1) MSID (2) Time stamp (3) Tower ID (4) Event ID
00000077D60EEDE43166F9C9CBF321C4 20140316131406* 632258594 110
00000077D60EEDE43166FOCICBF321C4 20140316131418 632258289 110
000000E974A986C39B1C18A63709EB48 20140316175854 617265265 61

*The format of the time stamp is “YYYYMMDDHHMMSS”

Fig. 1 The 37 thousand towers
involved in the dataset

Legend

Main Roads
e Towers

- No Data

Infer potential commuters

Similar to many studies (Gonzalez et al. 2008; Jiang et al. 2017; Widhalm et al. 2015),
we inferred the home and job locations based on the accumulated time a user spends on
each tower. The most frequently visited towers during the day (10:00-16:00) and night
(20:00-06:00) are assigned to the job and home locations. The time interval is slightly dif-
ferent from existing papers considering the traffic peaks hours in Shanghai are 06:00-10:00
and 16:00-20:00 respectively. Then we calculated the proportion of the accumulated time
spent at the home and job location tower as an index of the identification confidence. In
formula,
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dura,;
IC_home,=—=———in20 : 00— 06 : 00
Y dura,;
1C_job, = <M 1110 00— 16 ¢ 00
ob, = ——" in10: 00— 16 :
~JO%n > dura,,

where IC_home,, and IC_job, are the Identification-Confidence (IC) of the home and job
location of user n; dura,,; is the accumulated time that user » spent at tower i during the days
or nights; and ) dura,, is the total time that user n appears in the records during the day or
night. Then we sampled the potential commuters based on the /C index and the appearing
days as criteria, whose threshold values are chosen by a series of correlation tests with the
aggregated census data. The final criteria are, (1) IC_home>0.5 and 0.15<IC_job<0.75;
(2) appearing days>?2; and (3) home tower should be different from job tower. The final
sample consists of 4.34 million commuters, whose home distribution has a correlation of
0.943 with the 6th national population census data and job distribution has a correlation of
0.790 with the 2nd national economic census data. The latter is acceptable considering the
census year is 2008, given the absence of other available validation sets.

Method
MSIC of the jobs-residence ratio

We use a multi-scale index curve (MSIC) to represent the jobs-residence relationship in
each unit. The MSIC is defined as an array which synthesizes the values of the adjusted
jobs-residence ratios measured at every search radius of the unit. To avoid the problems
caused by the varying shapes and sizes of jurisdictional division, we use 1 km grids as ana-
lytic units. The adjusted jobs-residence ratio is calculated by,

R. = Jir B ‘/Vir
" Jir + ‘/Vir

where R;, is the adjusted jobs-housing ratio within the distance r of unit i, J;, is the total
jobs within the distance r of unit i, and W, is the total workers who live within the search
radius r of unit i. According to the formula, an area is considered employment-oriented
when R;, is approaching 1, and residence-oriented while R;. gets closer to —1. And we
measured the ratios with a step of 1 km in radius r.

PDC of the commuting time—cost

We use a commuting time—cost probability density curve (PDC) to represent the over-
all characteristics of commuting efficiency in each unit. Similar to existing study (Xu
et al. 2017), we utilized the time—cost captured from map service website instead of that
extracted from the CSD data, considering the sparsity of the records makes it inappropriate
to use the time between the last record at home the first record at workplace. Specifically,
we drew the PDCs by four steps,

(1) Using the same grid as analytic units, each telecom tower is assigned to the nearby
units with weights calculated by a standard 2-dimensional gaussian function. This assign-
ment method is better than spatial joining or voronoi diagram for the reason that a phone
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is not always choosing the closest tower to connect, but the closer towers do have higher
probabilities to be connected.

(2) Commuting time—costs are captured from one of the largest map-service website
in China (http://ditu.amap.com) by public transportation navigations. We chose the public
transportation means instead of private cars because it has the largest share (31.3%), almost
10% larger than private car, according to “Shanghai transportation annual report 2015”.

(3) Home-job telecom tower pairs and the corresponding time—cost are assigned to fish-
net units by the weights calculated in the first step, which are integrated to estimate the
PDC of commuting time—cost.

Extract patterns with a clustering method

Here patterns are defined as clusters in which the curves have the most similarity to each
other. Each cluster has a most suitable exemplary curve which represents the multi-scale
characteristics of that cluster. We use the affinity propagation algorithm proposed by Frey
and Dueck (2007) to detect the clusters/patterns and the representatives. Basically, the
algorithm identifies exemplars among data points and forms clusters based on the input
measures of the Affinity between pairs of data points. There are several different ways to
calculate the Affinity between two curves, such as euclidean distance, manhattan distance,
or correlation coefficient. To make the most of the curves values, we calculated Euclidean
distance between MSICs and Relative Entropy between PDCs as the Affinity inputs. Spe-
cifically, the Relative Entropy (D) of one discrete probability distribution (P) to another (Q)
is calculated by,

D(P||Q) = ZPI ln(Pi/Qi)

The Affinity values are compiled into the Affinity matrix, which is then put into affin-
ity propagation algorithm to detect the clusters. We chose a small number of preference,
which is another priori parameter representing the suitability of samples serve as an exem-
plar (Frey and Dueck 2007), to generate a small number of clusters/patterns.

Result
MSIC patterns and the bias of conventional method

The MSICs reveal the scale-dependent nature of the jobs-residence ratio. As in Fig. 2,
the jobs-residence ratios are generally imbalanced when measured within a small radius
but are getting closer to 0 as the search radius increases, since every identified commuter
will be connected to a job if the analytic radius is large enough. Moreover, different trends
could be recognized from the revealed six patterns in Fig. 3, that most curves, such as those
represented by MP1, MP2, MP3, and MP6, are simply approaching balance when search
radius increases, while in some area, such as those represented by MP4, the jobs-residence
relationship varies dramatically from residence-oriented to employment-oriented. It is also
noticeable that all the representative curves have the steepest slop within a search radius of
2 km, indicating the metric within 2 km could be unreliable to provide standards for plan-
ning strategies.
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In addition, we found that the representative curves cross over each other frequently
within radius from 3 to 10 km, which is commonly used by researchers (Deakin 1989).
For example, the red MP6 curve is the most residence-oriented when the analytical radius
is smaller than 4 km. However, it becomes the most balanced area when radius increase
larger than 6 km. Obviously, an arbitrary radius may lead to entirely different result from
another when analyzing jobs-residence relationship at intra-metropolitan level. Thus, our
finding may shatter all the “perfect” search radius in existing studies.
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To measure the bias of the conventional method, we compared our result with the
K-means clustering based on the jobs-residence ratio with pre-defined search radius. We
set K to the number of clusters in our multi-scale result, which is 6. Then, we considered
the representative curves in our multi-scale result as markers, and if one unit is classified
into the same cluster in the K-means result, we counted this unit as a right classified point
for that search radius. Thus the percentage of right classified units is calculated as accuracy
to show how robust such a pre-defined search radius is when compared to our multi-scale
method. Not surprisingly, the best accuracy is only 55% (Fig. 4), indicating that a pre-
defined radius can hardly bear comparison with the multi-scale method. Moreover, as the
radius increases to 10 km, the accuracy declines all the way to 30%, which is reasonable
because the unstable ratio at small radius contributes more to the euclid distance we use
for affinity calculation. However, it still demonstrates how an arbitrary radius may lead to a
different result from the multi-scale result.

PDC patterns and the bias of conventional metrics

A straightforward demonstration of the city’s commuting efficiency is provided in Fig. 5,
where the curves generally appear in a bell-shape with one peak and a long tail. Distinct
patterns could be inferred directly from the curves, for instance, based on the time—cost
point the curves peak at. In fact, the affinity propagation algorithm archived this goal per-
fectly. In Fig. 5, together the ten exemplars illustrate a clear and complete picture of the
commuting efficiency with distinct peaks moving away from one and another. The CP1 to
CP4 which peak at time—cost smaller than 20 min could be recognized as “compact” pat-
terns with excellent commuting efficiency, while some other curves which peak at 35 min
(e.g., CP8) or have a fat tail when time—cost larger than 40 min (e.g., CP7 and CP9), are
definitely representing bad commuting performance. The worst situation is CP10, which
shows a completely reversed pattern, indicating most of the commuters live in those units
spend more than one hour traveling to workplace every day.
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Fig. 5 The PDCs of all units. To 0.16
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Moreover, Fig. 6 shows the advantage of our methods explicitly. On the one hand, the
curves imply a lot more information than conventional metrics such as the mean time—cost.
As shown in Fig. 6, despite the distinct distribution revealed by the curves, their average
time—costs are much closer to each other. For example, CP8 is the third worst situation
among the representative curves but its average time—cost is even better/smaller than CP6

Fig. 6 The ten representative 0.14 - .
commuting PDCs. The label PDC patterns and average time—cost
from CP1-10 and the color ramp — CP1(10.5) CP6(25. 0)
from green to red represents ~ 0.12 po CP2(14.7) CP7(29. 9)
diSti’I’lct I?fltte:ns_fro_m “400m- CP3(14. 8) CP8(23. 4)
p}?ct to I:Iat dlstrlbutlohn. dInh CP4(19.3) -- CP9(27.5)
the parentheses we attached the CP5(20.4) — CP10(64. 4)
average time—cost of each curve.

(Color figure online)
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10 20 30 40

Commuting Time-cost (minutes)

@ Springer



786 Transportation (2019) 46:777-792

and CP7. On the other hand, we also measured the gap between conventional metrics and
our method by comparing the clustering results. Similarly, the representative PDCs are
considered as markers, and if one unit belongs to the same cluster in the K-means result,
then it is counted as a right point. The result shows an accuracy of 43% for the mean
time—costs and 57% for median time—costs. Obviously, our method prevails over such met-
rics in assessing commuting efficiency.

Correlation between jobs-residence ratio and average commuting time—cost

We correlated the jobs-residence ratio with the average commuting time—cost and con-
firmed the potential positive effect of JHB. According to Cervero and Duncan (2006), every
10% increase in the number of jobs in the same occupational category within 4 miles of
one’s residence is associated with a 3.29% decrease in daily VMT (vehicle miles traveled).
We found similar result: all other things being equal, every 0.1 increase in jobs-residence
ratio within 6.5 km (about 4 miles) is associated with 0.7 min decrease in mean time-cost,
with a correlation coefficient of 0.25. However, scale dependence problem still exists. We
plotted the correlation coefficients between the mean time—cost and the two types of jobs-
residence ratio at every search radius in Fig. 7. The correlation coefficient changes from
—0.45 to —0.12 across radiuses, and the coefficient of jobs-residence ratio varies even more
dramatically from —0.15 to —0.72. Again this raises doubt about all the measurements of
the positive effect of jobs-residence ratio given a pre-defined radius.

Joint-patterns and the commuting issue in Shanghai

In fact, a simple overlay analysis combining the two patterns together may provide a
better understanding of the commuting issue in Shanghai than the statistics. In Fig. 8 it
depicts the overlay matrix of MSICs and PDCs, where only some of the units, that with
comparatively balanced MSIC (such as MP4 and MP5), are having excellent commuting
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Fig. 8 The overlay matrix of MSICs and PDCs. The grey figures indicate the number of units. All the units
are divided into eight blocks, each of that refers to a joint pattern. Every joint pattern is filled with the same
color as its spatial division in Fig. 9

performance. We provided the matrix without any further clustering process for plan-
ners for detecting important commuting problems in Shanghai. It turns out to be a very
effective tool because of its ability to link the sub-regions with visualized curves repre-
senting the multi-scale characteristics of jobs-residence relationship as well as commut-
ing efficiency. We concluded eight joint-patterns and mapped their spatial division in
Fig. 9. The joint-patterns and the explanations are described as follows,

1. The suburbs are generally covered by JP1 and JP2. JP1 refers to the units which have an
excellent jobs-residence relationship, such as clusters MP4 and MP5, and a relatively
compact PDC. JP2 has the same PDC but a consistently residence-oriented MSIC. Both
of them represent the self-organization nature of the suburban development. In addi-
tion, none of the new towns shows a different pattern, which indicates that the goal of
developing new towns to help improve the commuting efficiency of the main city is not
successful.

2. JP3 and JP5 constitute two rings area outside the main center with green and orange
color in Fig. 9, which illustrate the worst jobs-residence relationship in Shanghai. JP3 is
matched but not balanced while JP5 balanced but mismatched. The crucial point derives
from the opposite jobs-residence configuration, the relatively long distance between the
two sub-regions, and the vast population involved, all of which may lead to enormous
traffic flows from the green ring to the orange ring to fill the vacant jobs. It could be
recognized as a result of the rapid expansion of the housing development and the lack
of consideration of employment development in the green area during the latest two
decades.

3. JP4 has a relatively balanced MSIC but a flat PDC, which implies a severe mismatch
issue. According to a survey in 2014 (Zhu 2014), most of these commuters are those
work in the main city or new town but cannot afford the housing price there. However,
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Fig. 9 The spatial division of the
eight joint patterns Legend
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their commuting efficiency are acceptable since the PDC still have a prominent peak at
30 min.

4. JP7 indicates a very strong main center of Shanghai, whose shape is more like a corridor
than a node as depicted in Fig. 9, with extremely employment-oriented MSICs at every
analytic radius. This employment center in Shanghai may have similar jobs-residence
ratio as Beijing (Zheng et al. 2015), but a lot more imbalanced than other cities such
as Xi’an (Zhou et al. 2014). On the positive side, most of these units have a relatively
compact PDC, which means most of the resident workers there could find suitable jobs
not far from homes.

5. Both JP6 and JPS rarely appear but they imply severe commuting issues. JP6 has an
employment-oriented MSIC and a flat PDC, which implies a severe mismatch issue at
the edge of the main core. JP8 is a very special case which only exists in the service area
of the Lingang harbor.

Conclusions and discussion
This paper proposes to apply clustering method to multi-scale indicators for evaluat-

ing aggregate patterns of jobs-housing relationship and commuting time—cost. Taking
Shanghai as a case study, the analysis in this paper uncovers new aspects of the scale
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dependence problem surrounding the jobs-housing balance and commuting efficiency
framework and shows the potential of our method to be generalized to other indicators.
Meanwhile, we based our analysis on individual commuters extracted from cell phone
data and showed the potential of such a dataset for commuting researches.

The results show that our multi-scale method prevails over conventional ones with
pre-defined search radius or metrics in three ways. First, the multi-scaled curves of
MSIC and PDC represent naturally more information than conventional metrics. On the
one hand, we confirmed the limitation of search radius smaller than 2 km, noticing the
unstable ratio is not qualified to define any standard of JHB. On the other hand, the
crossover points of MSICs which occur frequently at radius from 3 to 10 km have shat-
terred all the proposed “perfect” search radius in exsiting studies. Second, we compared
our result with the conventional methods and showed the bias of the latter. When our
multi-scale result is considered as markers, we showed that the best accuracy of the
jobs-residence ratio with an arbitrary radius is 55%, and the accuracies of the mean and
median time—costs are 43% and 57%, indicating that a pre-defined radius/metrics can
hardly bear comparison with the multi-scale method. Third, we correlated the jobs-res-
idence ratio with the average commuting time-cost and confirmed the potential positive
effect of JHB. However, the coefficient of jobs-residence ratio varies dramatically from
—0.15 to —0.72, which raises doubt about the stability of all the measured positive effect
of jobs-residence ratio given a pre-defined radius.

Instead of statistics, through the cooperation with local planners, our methodology
is proved to be an effective tool because of its ability to link the commuting problems
with visualized and comprehensive curves. The case study of Shanghai uncovers some
underlying aspects of the commuting issue in big Chinese cities. In the existing accom-
plishments, the institutional factors, such as the “danwei” system (Wang and Chai 2009;
Zhou et al. 2014) or the housing reform policies (Wang et al. 2011), and the land use
configuration, such as those in industrial parks and development zones (Zhou et al.
2016a, b), are the most recognizable factors affecting the jobs-housing relationship and
commuting efficiency in China. In this case, however, the problematic areas of JP3 and
JP5, with opposite jobs-residence configurations, could hardly be adequately explained
by factors as mentioned above. It seems that urban expansion and the lack of considera-
tion of employment development at the edge of the main city are two critical factors.
This is also different from the common situation of the US big cities in the post-subur-
ban era, where they experienced not only population but also employment decentraliza-
tion (Lucy et al. 1997). The situation of Shanghai is more like another strand, such as
Hong Kong, that despite the population decentralization, the jobs-housing imbalance
under urban sprawl is mostly caused by the remained concentration of jobs in the central
districts (Hui and Lam 2005; Loo and Chow 2008). This may have led to unsustain-
able transport trends such as longer commuting distances and severe peak-hour traffic
congestion in Shanghai. We suggest that all these possible causes and effects should be
carefully examined before implementing any targeted policy.
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