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A Description of Search Behavior

In this Appendix, we provide additional descriptive statistics of the housing search behavior in-
ferred from our email alerts data. In Appendix A.1, we analyze the frequency with which the
major dimensions of search (geography, price, and the number of bathrooms) are selected. In Ap-
pendix A.2, we establish stylized facts on the geographic breadth of housing search. In Appendix
A.3, we discuss the key characteristics of housing search along the price and size dimensions. In
Appendix A.4, we provide information about how the size and price dimension correlate with the
geographic breadth of the search range. For example, we document that searchers that are more
specific about the price range and home size cover larger geographic areas. In Appendix A.5, we

explore how searchers flow to different segments within their search ranges.

A.1 Major Dimensions of Search

As discussed in the paper, all email alerts require information on the geographic dimension of the
potential homebuyer’s search range. Roughly a third of the alerts do not specify any restrictions
in addition to geography. The other fields that are used regularly include listing price and the
number of bathrooms. Table A.1 shows the distribution of the dimensions that are specified across

the email alerts in our sample.

Table A.1: Distribution of Email Alert Parameters

‘ Price not specified Price specified ‘ Total

Baths not specified 13,019 13,777 26,796
Baths specified 1,848 11,881 13,729
Total | 14,867 25,658 | 40,525

Note: Table shows the distribution of parameters that trulia.com users specify in addition to geography.

Just under a third of email alerts specify criteria for both price and number of bathrooms, while
another third only specify a price criterion. The remaining five percent of email alerts specify just
a bathroom criterion in addition to geography. Other fields in Figure 1 are used much less. For
example, only 1.3 percent of email alerts specify square footage while 2.7 percent of alerts specify
the number of bedrooms. While the latter two fields are alternative measures of size, the minimum

number of bathrooms is the most commonly used filter to place restrictions on home size.
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A.2 Search by Geography

We next describe the geographic dimensions of housing search inferred from the email alerts. We
begin by outlining how we deal with alerts that specify the geographic criterion at different levels
of aggregation. We then provide summary statistics on the distribution of distances covered by

the email alerts in our sample.
A.2.1 Assigning Zip Codes to Email Alerts

Each email alert defines the geographic dimension of housing search by selecting one or more city,
zip code, or neighborhood. About 61 percent of alerts define the finest geographic unit in terms of
cities, 18 percent in terms of zip codes, and the remaining 21 percent in terms of neighborhoods.
Some searchers include geographies in terms of cities, zip codes, and neighborhoods in the same
alert. Figure A.1 shows how zip codes and cities overlap in the San Francisco Bay Area. Many
cities cover multiple zip codes. Those parts of zip codes that are not covered by cities are usually

sparsely populated.

Figure A.1: San Francisco Bay Area — Cities and Zip Codes

Note: This figure shows the geographic distribution of zip codes and cities in the San Francisco Bay Area. The
base map are zip codes, the colored regions correspond to cities.



In order to compare email alerts that specify geography at different levels of aggregation, we
translate every alert into the set of zip codes that are (approximately) covered. This requires
dealing with alerts that specify geography at a level that might not perfectly overlap with zip
codes. For alerts that select listings at the city level, we include all zip codes that are at least
partially within the range of that city (i.e., for a searcher who is looking in Mountain View, we
assign the alert to cover the zip codes 94040, 94041, and 94043). Neighborhoods and zip codes
also do not line up perfectly, and so for each neighborhood we again consider all zip codes that are
at least partially within that neighborhood (i.e., for a searcher who is looking in San Francisco’s
Mission District, we assign the alert to cover zip codes 94103, and 94110). This provides a list of

zip codes that are covered by each email alert. The alerts cover 191 unique Bay Area zip codes.
A.2.2 Distance

To summarize how search ranges reflect geographic considerations, we construct various measures
of size of the area considered. Since the unit of observation we are interested in is the searcher, not
the email alert, we pool all zip codes that are covered in at least one email alert by a particular
searcher. About 26 percent of searchers consider only a single zip code. For the remaining
searchers, we measure the average and maximum of the geographic distances and travel times
between all zip codes contained in their search ranges. We focus on distances between population-
weighted zip code centroids. Population weighting is useful, since we are interested in the distance

between agglomerations within zip codes that might reflect searchers’ commutes.

Table A.2: Distribution of Distances Across Zip Codes

Population- Weighted Zip Code Centroids
Min Bottom Decile Median Top Decile Max Mean

Max Geographic Distance 0.5 2.3 6.8 21.1 103.3 9.7
Mean Geographic Distance 0.5 1.8 3.2 8.9 74.0 4.7
Max Car Travel Time 4.0 9.5 20.5 38.5 143.5 22.8
Mean Car Travel Time 3.8 8.9 13.1 19.7 132.5 14.0
Max Public Transport Time 10.5 40.5 79.0 375.0 573.5 140.1
Mean Public Transport Time 9.3 27.3 48.0 120.0 375.0 69.9

Note: Table shows summary statistics of geographic distance and travel time between the population-weighted
centroids of all zip codes selected by a searcher. We focus on searchers who select more than one zip code. Travel
times are measured in minutes, distances are measured in miles.

Table A.2 reports these measures of the geographic breadth of housing search. Geographic distance
is measured in miles, and corresponds to direct “as the crow flies” distance. For the average
searcher, the maximum distance between two zip codes included in a search range is 9.7 miles.
There is significant heterogeneity in the geographic breadth of the search ranges. Indeed, searchers

at the 90th percentile of the distribution have a maximum distance between covered zip codes of



21.1 miles, while searchers at the 10th percentile have a maximum geographic distance of 2.3 miles.
These would usually be searchers that select two neighboring zip codes.

We also report the maximum and average travel times by car or public transport between
the population-weighted zip code centroids. Travel times are calculated using Google Maps, and
are measured as of 8am on Wednesday, March 20, 2013.2° The size of the typical search range
is consistent with reasonable commuting times guiding geographic selections. For example, the
median search range includes zip codes with a maximum travel time by car of about 20.5 minutes;
again, there is sizable heterogeneity in this measure; the across-searcher 10-90 percentile range of
maximum travel times is 9.5 minutes to 38.5 minutes for travel by car, and 40.5 minutes to 375
minutes for travel by public transport.

In Appendix C we show that these geographic patterns of housing search are constant across
the years in our sample, as well as across the seasonality of the housing market, suggesting that

they represent measures of household preferences that are time-invariant throughout our sample.
A.2.3 Contiguity

To guide our modeling of clientele heterogeneity, we next explore whether there is a simple and
parsimonious organizing principle for observed geographic search ranges, namely that searchers
consider contiguous areas, possibly centered around a focal point such as a place of work or a
school. We say a search range is contiguous if it is possible to drive between any two zip code
centroids in the range without ever leaving the range. We begin by describing how we construct
measures of contiguity, before providing summary statistics on how many search queries cover

contiguous geographies.

Dealing with the San Francicso Bay

To analyze whether all zip codes covered by a particular search query are contiguous, one
challenge is provided by the San Francisco Bay. The location of this body of water means that
two zip codes with non-adjacent borders should sometimes be considered as contiguous, since they
are connected by a bridge such as the Golden Gate Bridge. Figure A.2 illustrates this. Zip codes
94129 and 94965 should be considered contiguous, since they can be traveled between via the
Golden Gate Bridge. To take the connectivity provided by bridges into account, we manually
adjust the ESRI shape files to link zip codes on either side of the Golden Gate Bridge, the Bay
Bridge, the Richmond-San Rafael Bridge, the Dumbarton Bridge, and the San Mateo Bridge. In
addition, there is a further complication in that the bridgehead locations are sometimes in zip
codes that have essentially no housing stock, and are thus never selected in search queries. For

example, 94129 primarily covers the Presidio, a recreational park that contains only 271 housing

20A few zip code centroids are inaccessible by public transport as calculated by Google. Public transport distances
to those zip code centroids were replaced by the 99th percentile of travel times between all zip code centroids for
which this was computable. This captures that these zip codes are not well connected to the public transportation
network.



units. Similarly, 94130 covers Treasure Island in the middle of the SF Bay, again with only a
small housing stock. These zip codes are very rarely selected by email alerts, which would suggest,
for example, that 94105 and 94607 are not connected. This challenge is addressed by manually
merging zip codes 94129 and 94130 with the Golden Gate Bridge and Bay Bridge respectively.

This ensures, for example, that 94118 and 94965 are connected even if 94129 was not selected.

Figure A.2: Bridge Adjustments - Contiguity Analysis

Note: This figure shows how we deal with bridges in the Bay Area for the contiguity analysis.

Examples of Contiguous and Non-Contiguous Search Sets

In the following, we provide examples of contiguous and non-contiguous search sets. In Figure
A.3, we show four actual contiguous search sets from our data. The top left panel shows all the
zip codes covered by a searcher that searched for homes in Berkeley, Fremont, Hayward, Oakland,
and San Leandro. This is a relatively broad set, covering most of the East Bay. The top right
panel shows a contiguous set of jointly searched zip codes, with connectivity derived through the
Golden Gate Bridge. The searcher queried homes in cities north of the Golden Gate Bridge (Corte
Madera, Larkspur, Mill Valley, Ross, Kentfield, San Anselmo, Sausalito, and Tiburon), but also
added zip codes 94123 and 94115. The bottom left panel shows the zip codes covered by a searcher
that selected a number of San Francisco neighborhoods. The final contiguous search set (bottom
right panel) was generated by a searcher that selected a significant number of South Bay cities.?!

These are all locations with reasonable commuting distance to the tech jobs in Silicon Valley.

21The selected cities are Atherton, Belmont, Burlingame, El Granada, Emerald Hills, Foster City, Half Moon
Bay, Hillsborough, La Honda, Los Altos Hills, Los Altos, Menlo Park, Millbrae, Mountain View, Newark, Palo
Alto, Portola Valley, Redwood City, San Carlos, San Mateo, Sunnyvale, and Woodside.



Figure A.3: Sample Contiguous Queries

Note: This figure shows a sample of contiguous search sets. The zip codes selected by the searcher are circled in
red. Zip code centroids of contiguous zip codes are connected.

Notice how the addition of Newark adds zip code 94560 in the East Bay, which is connected to
the South Bay via the Dumbarton Bridge.

In Figure A.4, we show four actual non-contiguous search sets. The top left panel shows the
zip codes covered by a searcher that selects the cities of Cupertino, Fremont, Los Gatos, Novato,
Petaluma and San Rafael. This generates three contiguous sets of zip codes, rather than one large,
contiguous set. The zip codes in the bottom right belong to a searcher that selected zip code 94109
and the neighborhoods Nob Hill, Noe Valley and Pacific Heights. Again, this selection generates

more than one set of contiguous zip codes.

Summary Statistics on Contiguity
Table A.3 shows summary statistics of our measure of contiguity by the number of zip codes

included in the search range. The second column reports the share of email alerts that select



Figure A.4: Sample Non-Contiguous Queries

Note: This figure shows a sample of non-contiguous search sets. The zip codes selected by the searcher are
circled in red. Zip code centroids of contiguous zip codes are connected.

contiguous geographies. While only 18 percent of searchers have non-contiguous search ranges,
they tend to come from broad searchers who consider more than five distinct zip codes, and
hence provide market integration across neighborhood and city boundaries. The third and fourth
columns report the mean and maximum number of contiguous areas covered by an email alert.
Broad searchers often consider multiple distinct contiguous areas. Preference for certain cities
plays a role here: the increase in the share of contiguous queries for the group with 21-30 zip
codes selected can be explained by the prevalence of searches for “San Francisco” and “San Jose”
in that category. Overall, it is clear that a model of housing search that parameterizes search
areas to be contiguous might provide a good approximation for some applications. However, in
our setting this approximation would miss an important role played by searchers that integrate

geographically distant housing markets.



Table A.3: Contiguity Analysis — Summary Statistics

CONTIGUOUS AREAS

Number of Zips Covered Share Contiguous Mean Max Total
2 91% 1.09 2 2,927
3 83% 1.18 3 1,761
4 91% 1.10 3 2,248
) 67% 1.37 4 844
6-10 1% 1.38 5 2,612
11-20 4% 1.38 8 2,071
21-30 91% 1.13 10 4,213
30+ 48% 1.94 9 798
Total 82% 1.24 10 17,474

Note: Table shows summary statistics for contiguity measures across searchers that select different numbers of zip
codes.

A.2.4 Circularity

A stylized model of geographic search might view a search range as being circular around a central
point such as a job or a school. We ask whether the observed search ranges can be suitably
approximated by such a model. To do this, we compute, for each searcher, the geographic center
of the search range as the average longitude and latitude of all zip code centroids selected by
that searcher. We then determine the maximum distance to this center of any zip code centroid
contained in the search range. On average, the maximum distance is 3.95 miles, while the 10th
percentile is 1.31 miles and the 90th percentile is 12.78 miles. We next compute the number of
zip code centroids (not necessarily contained in the search range) that are within the maximum
distance to the center. We say a search range is circular if all zip codes within maximum distance
to the center are also contained in the search range. Figure A.5 illustrates this procedure.

About 47 percent of all searchers that cover more than one zip code have circular search ranges.
This number is highest, at 83 percent, for ranges that only cover two zip codes, and declines for
queries that cover more zip codes. In addition, for search sets with a larger maximum distance,
the proportion of searches that cover all zip codes within this maximum distance from the center
declines. On average, searchers cover 78 percent of all zip codes within maximum distance of their
search range center. For non-contiguous ranges, the share of zip codes covered falls to 33 percent.

Overall, we conclude that real-world housing search behavior cannot be well approximated
using a simple and parsimonious search specification, either in terms of selecting contiguous ge-
ographies, or in terms of taking a “circular” search approach. This conclusion motivates our
modeling approach in the paper, which is highly flexible and allows us to capture non-contiguous

and non-circular search patterns.



