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 Abstract   In the digital era, personal data, such as full name, address, age, phone 
number, and household members, may scatter across various administrative records, 
databases of private companies, and social networks, as well as through information 
contributed as volunteered geographic information (VGI). People- fi nder sites gather 
such data and provide user interfaces for Internet users to query web demographics. 
The emergence of web technologies such as mash-ups, web mapping, and webscraping 
presents opportunities to capitalize on the availability of web demographics and opens 
up new frontiers of research. The main objectives of this chapter are to (1) examine 
web demographics as an example of VGI and (2) explore the research agenda of web 
demographics. More research and development are needed to enhance extraction 
rules, identify and remove erroneous enumeration (e.g., duplicate,  fi ctitious, and 
incomplete records), validate the coverage and accuracy of web demographics, and 
explore potential applications. Web demographics must be used cautiously in light 
of the uncertainty of web demographics (e.g., digital divide), privacy issues, and 
other societal impacts.  
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       15.1   Introduction 

 The mission of a census is to determine where people live and their demographic 
attributes at a speci fi c time. The effort to achieve this goal at the national level is 
no small task. Common enumeration strategies include mailings, phone calls, and 
personal interviews. These conventional enumeration instruments, however, remain 
labor intensive, time-consuming, and costly. The US Government Accountability 
Of fi ce estimated the cost of Census 2010 to be between $13.7 billion and $14.5 billion, 
doubling the $6.5 billion expense of Census 2000 and four times the cost of Census 
1990 (US GAO  2001,   2008  ) . 

 In addition to these challenges, the low response rate and other complicating 
factors (e.g., mobile population and illegal migrants) result in misrepresentation of 
some population groups (Anderson and Fienberg  1999  ) . The US Census Bureau 
assessed the accuracy of Census 2000 population count and estimated the error 
to be between −0.48% and 0.12% (an underestimation of 1.3 million people to an 
overestimation of 0.34 million people, respectively) (Anderson and Fienberg  2002 ; 
Robinson and Adlakha  2002  ) . These results suggest that the task to accurately enu-
merate every person, especially ethnic minorities, females, and/or people younger 
than 18, remains problematic (Robinson and Adlakha  2002  ) . 

 Aside from of fi cial censuses, in the digital era, personal data such as full name, 
address, age, phone number, etc. may scatter across various administrative records, 
databases of private companies, and social networks, as well as through information 
contributed as volunteered geographic information (VGI). Compiling such valuable 
information into a demographic database is useful not only for marketing but also 
for urban planning, resource allocation, disaster response, and various social studies. 

 Moving forward from the conventional web architecture in which a multiplicity 
of one-way transactions between client and server take place, Web 2.0 represents a 
collection of services that enable bidirectional communication for dynamic content 
delivery. By proliferating the interconnectivity and interactivity of web content 
across the Internet, Web 2.0 empowers smart applications to access the distributed 
databases and transform Internet users from web content consumers to web content 
producers. For example, a people- fi nder site (a phone-book equivalent) gathers 
demographic data from multiple sources and provides an interface for Internet users 
to query web demographics online. As the Internet connects these remote demo-
graphic databases onto a common platform, it rede fi nes the societal implications 
that Goss  (  1995  )  discussed earlier: the prevalence of electronic surveillance, an erosion 
of privacy, as well as the discourse of geodemographic analysis. The emergence of 
web technologies such as mash-up, web mapping, and web scraping opens up new 
frontiers of research (Chow  2008,   2011  ) . The main objectives of this chapter are to

    1.    Examine web demographics as an example of VGI (Sect.  15.2 )  
    2.    Explore the research agenda of web demographics for monitoring and modeling 

population dynamics (Sect.  15.3 )     

 The sections below are organized in the same order as the objectives listed above and 
are followed by a concluding remark at the chapter’s end.  
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    15.2   Web Demographics as VGI? 

 Demographic data have been stored, maintained, and updated by various public and 
private institutions. In general, these databases are scattered across geographic 
spaces and disconnected from each other. People- fi nder sites such as Zabasearch 
(  www.zabasearch.com    ) compile these diverse sources of demographics into a 
centralized repository and make the web demographics searchable on the Internet. 
In addition to the conventional databases, some web demographics also include 
information solicited from social networking websites such as Facebook (  www.
facebook.com    ) and Myspace (  www.myspace.com    ). Moreover, some demographic 
data providers allow users to update their own but also others’ listings. 

 Given its origin, web demographics may seem to be different from “typical” VGI 
in which individuals volunteer their spatially referenced observations through 
active participation on a speci fi c project, such as the OpenStreetMap (  www.open-
streetmap.org    ) and Wikimapia (  www.wikimapia.org    ). However, similar to VGI, 
web demographics are generated from multiple data sources and are enabled by 
the advancement of the Web 2.0 phenomenon. In order to label web demographics 
either as VGI or merely a gigantic demographic database available on the web, it is 
perhaps useful to distinguish the VGI community from traditional mapping agencies 
(Goodchild  2007  ) :

  [t]he world of VGI is chaotic, with little in the way of formal structures. Information is 
constantly being created and cross-referenced, and  fl ows in all directions, since producers 
and consumers are no longer distinguishable. Timescales are enormously compressed… 
tens of thousands of citizens are willing to spend large amounts of time contributing, without 
any hope of  fi nancial reward, and often without any assurance that anyone will ever make 
use of their contributions. (p. 29)   

 According to Goodchild’s  (  2007  )  framework, web demographics resemble and 
differ from VGI in the following ways:

    • Chaotic structures : While a valid record of web demographics must include a 
name, other demographic data (e.g., address, phone number) do not have a formal 
structure or clear de fi nition. Names can be composed of  fi rst and family names 
that are spelled out in full or initialized. Addresses can range from full address 
at the street level to a city location. Some people- fi nder sites include relatives 
or associated members (e.g., roommates). There are no metadata about the 
producer, timestamp, accuracy, and coverage with regard to any of the  fi elds in 
web demographics.  
   • Instant and cross-referenced information : As web demographics are typically 
integrated from multiple sources, most records, if not all, have multiple contribu-
tors and are cross-referenced instantaneously. For example, it is common for an 
individual record in web demographics to have hyperlinks connected to services 
such as credit reports and genealogy. Interestingly, some people- fi nder sites share 
the same databases with other websites. The WhitePages (  www.whitepages.com    ) 
database empowers Switchboard (  www.switchboard.com    ), MSN WhitePages 
(  msn.whitepages.com    ), 411 (  www.411.com    ), and Address (  www.address.com    ). 

http://www.zabasearch.com
http://www.facebook.com
http://www.facebook.com
http://www.myspace.com
http://www.openstreetmap.org
http://www.openstreetmap.org
http://www.wikimapia.org
http://www.whitepages.com
http://www.switchboard.com
http://msn.whitepages.com
http://www.411.com
http://www.address.com
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Similarly, Addresses (  www.addresses.com    ) also shares the same database with 
AnyWho (  www.anywho.com    ) and People Finder (  www.people fi nder.com    ).  
   • Ambiguous roles of contributor : The producers of web demographics are arguably 
the public and private sectors who acquire the personal demographic data. 
The people- fi nder sites acquire the data from multiple sources and often sell the 
compiled records as value-added products for marketing purposes. It is not 
uncommon that the consumers of such web demographics are the producers. 
Some people- fi nder sites allow Internet users, who may be subjects of the web 
demographics themselves, to update the listing or disable it from being searched 
(i.e., opt-out). It is not exactly clear which party is the sole contributor or who 
“owns” the right to these records.  
   • Compressed timescales : It is not known how quickly the web demographics 
can be acquired, compiled, and consolidated from conventional data sources. 
Theoretically, web demographics can be created and updated instantaneously 
in near real time. Preliminary  fi ndings and reasonable estimation suggest 
that the timescale ranges from weeks to months and possibly to years (Chow 
et al.  2010  ) . Nevertheless, web demographics can be gathered and updated at a 
much shorter and  fl exible timescale than conventional enumeration strategies, 
such as the labor-intensive mail, telephone, or face-to-face surveys involved in a 
population census.  
   • Motivation of volunteers : In web demographics, the primary method of contrib-
uting VGI is submitting/editing a personal pro fi le in the people- fi nder sites. 
The subjects of web demographics might not actively surrender their personal 
information due to information privacy, disclosure rights, and other related 
issues. However, positive and negative motivations common to the production 
of VGI might affect the quality of web demographics (Coleman et al.  2009  ) . 
For example, positive motivations (e.g., professional or personal interest, pride 
of place) might drive users to correct and update the personal pro fi les, whereas 
negative motivators (e.g., privacy concerns) might cause users to “opt-out” or 
tolerate errors in web demographics. In addition to voluntary input, people- fi nder 
sites also solicit web demographics from social networking sites in which indi-
viduals willingly allow their personal information to be searchable by friends and 
acquaintances. Thus, the network of web demographics producers consists of 
a network of citizen sensors, as well as a centralized hierarchy of many web 
crawlers over dozens of public/private contributors who are connected to numerous 
unaware, “volunteering” citizens.    

 Whether or not web demographics are an example of VGI, a critical but unre-
solved question is how volunteerism should be de fi ned and interpreted. The key 
distinction central to this dialogue is “whether the volunteers have actually volun-
teered the information or whether it is being volunteered largely unbeknownst 
to them” (Tulloch  2008  ) . The former group of volunteers is a classic example of 
VGI contributors who understand the call of a particular VGI application and make 
active contributions to achieve that goal by crowdsourcing. In reality, the participants 

http://www.addresses.com
http://www.anywho.com
http://www.peoplefinder.com
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of VGI often have varying degrees of understanding about the stated goal(s) and 
little consensus, if any, about the procedures to be used to review and utilize VGI. 
On the other hand, the VGI production from the latter group of volunteers can be 
perceived as passive contribution in that their GI was acquired unknowingly. The 
nature of passive acquisition may be similar to the collection of GI through GPS-
enabled mobile devices – a phenomenon referred as geoslavery (Dobson and 
Fisher  2003 ; Tulloch  2008  ) . Therefore, web demographics can be perceived as 
VGI collected by using a mixed mode of active contribution and passive acquisition. 
It would be interesting to examine how various channels of VGI contribution can 
affect the quality, for better or worse, of web demographics. 

 From these perspectives, web demographics have elements that are common 
but different from “conventional” VGI. Using the OpenStreetMap (OSM) project 
as an analogy, any voluntary submission of personal pro fi le information in web 
demographics is an active contribution of VGI similar to the volunteered editing 
of geographic features in OSM. However, the evolving database of web demographics 
is constantly being compiled and updated by the passive acquisition of information 
from unaware individuals, as opposed to the raw TIGER  fi le used as a “baseline” 
database in OSM, where there is no channel of passive acquisition. As such, it is 
perhaps more accurate to describe web demographics as VGI in which individuals 
volunteer both directly and indirectly through third party data suppliers without 
full realization. 

 The multifaceted nature and taxonomy of VGI has yet to be fully explored and 
acknowledged. After the term, VGI was coined by Goodchild  (  2007  ) , a surge of 
research followed,  fi rst appearing in published outlets in 2007. Similar to VGI, 
web demographics have great potential for geospatial application and share similar 
challenges, such as the digital divide and privacy issues (Elwood and Leszczynski 
 2011  ) . Thus, it is appropriate to perceive web demographics as a special type of 
VGI and to examine the research agenda of web demographics within the larger 
umbrella of VGI research.  

    15.3   Research Agenda of Web Demographics 

 As the research of web demographics is still in its infancy, there is a great need to 
understand the nature of web demographics as an alternative data source, discover 
its potential applications, examine conceivable shortcomings, and explore possible 
solutions to those shortcomings. Studies in recent years highlight the development 
of a web-based demographic data extraction tool and offer preliminary comparisons 
between the web demographics and census enumeration of Vietnamese-Americans 
in Texas (Chow et al.  2010,   2011  ) . This section explores the procedure of utilizing 
web demographics for population monitoring, including acquisition, processing, 
applications, validation, privacy, and other related issues. 
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    15.3.1   Acquisition 

 The acquisition of web demographics is typically conducted by web scraping – the 
act of extracting (or “scraping off”) the demographic content from an existing 
website at a  fi xed temporal interval. A web-scraping program consists of a web 
crawler that can identify targeted content and a web wrapper that extracts the 
data of interest in speci fi c formats. The basic idea is to parse the HyperText 
Markup Language (HTML) document and analyze the hierarchical tags embedded 
within the content structured in various degrees. Chow et al.  (  2011  )  outlined a 
 fi ve-step framework to automate the extraction of web demographics based on 
surname analysis. The process can be extended from a prede fi ned HTML schema 
to statistical clustering, machine-learning algorithms, data-mining techniques, or 
ontology-based relationships to better re fi ne the extraction and navigation rules 
(Chang et al.  2006  ) . 

 To improve population monitoring, researchers should also investigate the use 
of the semantic web, an ongoing attempt to transform existing web infrastructure 
from a collection of meaningless documents to a web of data with well-de fi ned 
relationships (Berners-Lee et al.  2001  ) . In the context of web demographics, the 
semantic web may empower “smart” agents that can discover, navigate, and extract 
relevant demographics from distributed sources regardless of their diverse formatting 
and frequent design updates. 

 Another option is the deep web approach that focuses on the development of 
novel crawler algorithms to discover the “hidden  fi les” (e.g., database) that are 
typically buried behind the web interface and dynamically created content. A deep 
search for web demographics would return any information related to the keywords 
searched by the query string, whether it is about a restaurant, a person, or an object. 
More work is needed to screen out the vast volume of irrelevant and redundant 
information (e.g., multimedia  fi les) from the desired content. An ideal hybrid of the 
two approaches, in which the acquisition program can crawl through the deep web 
and understand the meaning of the search, is a topic to be further explored. 

 While the acquisition of web demographics can be conducted with a more 
 fl exible schedule than conventional demographics surveying, there is a lack of 
understanding on how often the procedure should be repeated for continuous 
population monitoring. How frequently web demographics are acquired largely 
depends on the currency of data (the time difference between actual event and database 
update) relative to the temporal requirement for a speci fi c application. For example, 
it may be desirable to study the short-term and long-term impacts of Hurricane 
Katrina on population redistribution at various scales. Processing a change of address 
from the US post of fi ce takes approximately seven to ten postal business days. It is 
uncertain how much time it would take for the web demographics to be updated 
through this bureaucratic process (Landsbergen  2004  ) . 

 As mentioned, the web demographics are compiled from multiple sources. In 
this regard, one may refer to the web demographics accessible through the people-
 fi nder sites as secondary data sources compiled from the primary data sources 
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of various public and private institutions in which people “volunteered” their per-
sonal information. A limitation on tracing the data genealogy is the unwillingness 
of secondary data vendors to reveal their distributed sources of demographic 
information. In the era of information explosion, it is not uncommon to resell, or 
share under agreement, value-added information among the data vendors (Phillip 
 2005  ) . Thus, it may be dif fi cult to identify the exact origin(s) of certain demo-
graphic attributes and distinguish the primary data sources. This would be an 
interesting subject to examine using informetric laws (e.g., Zipf’s law) with the 
number of data sources to demographic records (Egghe  2005  ) . On the other hand, 
people- fi nder sites are more straightforward for assessment because they serve as 
gateways for accessing web demographics. Future research in this area should 
evaluate the performance of secondary data sources in terms of database coverage, 
uniqueness, precision, accuracy and currency, query requirement, and demo-
graphics available (some of these topics will be discussed in the “validation” section 
to come). For example, a secondary data source may provide street-level addresses 
while others may include only city references, along with additional demographic 
attributes (Table  15.1 ).   

   Table 15.1    A preliminary assessment of common people- fi nder sites on their uniqueness of 
database, spatial precision of address, and minimum search criteria   

 Uniqueness a   Address b   Minimum search criteria 

 Address.com  Same as WhitePages.com  Full  Last name and zip code 
 Addresses.com  Unique  Full  Last name and zip code 
 AnyWho.com  Same as Addresses.com  Full  Last name and zip code 
 Classmates.com  Unique  –  Last name and graduation 

information 
 Intelius.com  Unique  City  Last name and state 
 Facebook.com  Unique  City  Anything 
 Myspace.com  Unique  City  Anything 
 PeopleFinder.com  Same as Addresses.com  Full  Last name and zip code 
 PeopleFinders.com  Unique  City  Last name and city 
 Pipl.com  Integrated  Full  Last name and zip code 
 PublicRecordsNow.com  Unique  City  Last name and city 
 MyLife.com  Unique  Full  Full name 
 Spock.com  Same as Intelius.com  City  Last name and state 
 Switchboard.com  Same as Addresses.com  Full  Last name and zip code 
 USA-peoplesearch.com  Unique  City  Last name and zip code 
 Ussearch.com  Unique  City  Full name and city 
 People.yahoo.com  Integrated  –  Last name and city/zip code 
 WhitePages.com  Unique  Full  Last name and zip code 
 Wink.com  Integrated  City  Last name and city/zip code 
 Zabasearch.com  Unique  Full  Last name and city 

   a  The category “integrated” indicates “deep” search that integrates  fi ndings from multiple secondary 
data sources 
  b  The category “full” indicates full address at the street level  
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    15.3.2   Processing 

 Once web demographics are acquired from distributed data sources, it is likely that 
the returned data will consist of incomplete, irrelevant,  fi ctitious, and duplicated 
records. The goal of the next procedure in processing the web demographics is to 
compile and consolidate the returned records into a centralized database. In order to 
generate reliable results for interpretation, it is crucial  fi rst to conduct the appropriate 
quality assurance/quality control (QA/QC) measures to screen out invalid records. 

 Querying any search engines, including people- fi nder sites, often yields irrelevant 
returns. For a valid record of web demographics, the mandatory demographic attri-
butes include a  fi rst name or  fi rst initial, a valid surname, and a “geocodable” address 
 (  Word et al., n.d. ; Chow et al.  2011  ) . It is not uncommon to have incomplete data 
that may consist of records without a full name, a name without address, or the other 
way around. Thus, a preliminary check is needed to screen out invalid web demograph-
ics, including records with a company name (i.e., xx.Inc) or a “PO Box” address. 
In addition to the simple database functions to check null values, natural language 
processing (NLP) techniques in linguistic science can improve syntax parsing and 
semantics validation of essential demographic attributes (Métais  2002  ) . 

 An important component in processing is duplicate detection and removal. 
Duplicate records are multiple records with varying degrees of similarity. There has 
been active research to remove duplicates in databases (Low et al.  2001  ) , image 
processing (Cheng et al.  2011  ) , and information redundancy (Li et al.  2005  ) . 
In most applications, duplicate removal strikes a delicate balance between precision 
(the level of exactness necessary to be unique demographic records) and recall 
(completeness in terms of the total number of demographic records). In web demo-
graphics, a unique record can be de fi ned as “a person having a unique combination 
of  fi rst name, last name, and any optional demographic attributes, including street 
address, age, and name(s) of other household members” (Chow et al.  2011  ) . Table  15.2  
illustrates the dif fi culty of distinguishing people through inclusion of optional demo-
graphic attributes, such as middle initial, date of birth (DOB), and/or phone number. 
Should the second and  fi fth records be the same person due to identical address? 
Should the fourth and sixth records be the same person due to identical DOB, or the 
 fi rst and fourth records because of identical phone number? The decisions regarding 
how to identify duplicates and how the demographic attributes would be merged 

   Table 15.2    A subset of web demographics with hypothetical data   

 ID  Name  Address  Data source  Phone  DOB 

 1  Enoch Y. Le  760 Mccallum Blvd  Addresses.com  123-4567  – 
 2  Enoch Y. Le  709 West Way  Whitepages.com  –  – 
 3  Enoch Y. Le  4060 Midrose Trl  Zabasearch.com  765-4321  – 
 4  Enoch Y. Le  7575 Frankford Rd  Zabasearch.com  123-4567  3/1968 
 5  Enoch Le  709 West Way  Addresses.com  –  – 
 6  Enoch Le  760 Mccallum Blvd  Zabasearch.com  716-2534  3/1968 
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imply different assumptions about migration, change of name/contact, and cultural 
practices. For example, Nagata  (  1999  )  reported a strong correlation between name 
change and succession to family headship and inheritance among Japanese families. 
Therefore, it is important to understand the cultural variation among targeted ethnic 
groups and realize the appropriate assumptions to be used in processing web demo-
graphics. Duplicate removal can also bene fi t from more research in the quantitative 
assessment of syntax and semantic similarity among the web demographics (Oliva 
et al.  2011  ) .  

 A complicating factor in processing web demographics is the deliberate insertion 
of dummy records as a security measure by the data vendors. However, by matching 
the administration records, the detection of such arti fi cial data is possible (e.g., the 
NUMIDENT  fi le produced by the US Social Security Administration of fi ce or the 
Hundred Percent Unedited File of US Census 2000). Depending on the currency of 
the data, there may be temporal mismatch between the reference and web demograph-
ics. Unfortunately, an unmatched record in the web demographics can be a dummy 
record or a valid record indicating an illegal immigrant. There is simply no way to 
con fi rm unless the record is  fi eld validated (or veri fi ed by the data vendors). Moreover, 
these personal  fi les from the government are regulated due to privacy and have 
limited access. Along this line of inquiry, (geographic) data-masking techniques, such 
as substituting, shuf fl ing, encryption, etc. are common to protect the con fi dentiality 
of individual record without compromising the underlying pattern (Armstrong et al. 
 1999  ) . Gujjary and Saxena  (  2011  )  proposed a neural network approach for data 
masking that would honor the semantics of original data. More research is needed 
to understand the impact of such database techniques and their appropriateness for 
population monitoring.  

    15.3.3   Validation 

 To demonstrate the potential of web demographics as an alternative data source to 
monitor population dynamics, it is important to validate web demographics in terms 
of coverage and accuracy. 

 Despite the vast amount of data available from diverse data sources, web demo-
graphics may represent a large pool of the population while omitting some people, 
a problem of any enumeration record. The exact coverage rate of web demographics 
among the general population, as compared to the actual number or the reference 
documented in census statistics, is not known. To illustrate the level of uncertainty, 
the Vietnamese-American (VA) population will be used as an example. Chow et al. 
 (  2010  )  employed 91 popular Vietnamese surnames to search for VA in Texas during 
2009. The pilot study returned about 40.3% and 10.4% of the total VA count of 
202,003 from WhitePages and Intelius (  www.intelius.com    ) based on the American 
Community Survey (ACS) 2009 (Table  15.3 ). A follow-up search in Addresses 
(  www.addresses.com    ) and Zabasearch returned 81,440 (40.3%) and 101,061 (50%) 

http://www.intelius.com
http://www.addresses.com
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records, respectively. The post-processing procedure mentioned in the previous 
section removed invalid and duplicate records (by consolidating with records 
from multiple people- fi nder sites) and yielded 53,425 (26.4%), 58,245 (28.8%), 
and 74,865 (37.1%) records from WhitePages, Addresses, and Zabasearch, respec-
tively. As Intelius only returned city reference but not street-level addresses 
(Table  15.1 ), the web demographics of Intelius were not used in compiling the 
centralized web demographic database. Thus, the VA count from WhitePage, Addresses, 
and Zabasearch totals 186,535 (92.3%) unique records with addresses that can be 
address-matched in Texas.  

 The VA surnames have unique spellings distinguishable from surnames of 
other races/ethnicities (Lauderdale and Kestenbaum  2000  ) , and hence a targeted 
search of web demographics among VA seemed to be suitable. While a high coverage 
rate of VA web demographics does not guarantee a similar coverage for other 
races/ethnicities, the literature suggests that surname analysis is effective in identi-
fying ethnic minorities, including Hispanics (Perkins  1993  ) , South Asians (Shah 
et al.  2010  ) , Chinese (Quan et al.  2006  ) , Middle Easterners (Nasseri  2007  ) , and other 
Asian ethnic minorities (e.g., Koreans, Japanese, Indians, and Filipinos) (Lauderdale 
and Kestenbaum  2000  ) . It is possible to utilize the popular surnames among other 
races/ethnicities to examine the web demographics returned from the people- fi nder 
sites. Nevertheless, intermarriage, name change, adoption, and self-identity can 
introduce uncertainties (Perkins  1993  ) . For example, many studies used Hispanic 
surnames to identify Hispanic men and women with a high degree of overall 
accuracy (Perez-Stable et al.  1995 ; Morgan et al.  2004  ) , but noticeable errors are 
observed among the Hispanic married women, Filipinos, and Native Americans 
(Barreto et al.  2008  ) . More research is needed to examine the coverage rate of web 
demographics among other ethnic groups with a particular focus on married women 
(Wei et al.  2006  ) . 

 It must be noted, however, that in some cases surname analysis is limited in 
identifying race/ethnicity. For example, the surname “Lee” is common among non-
Hispanic Whites, African Americans, Koreans, and Cantonese-speaking Chinese. 
Thus, a targeted search using surnames shared by multiethnic races may return a 
mixed population. Nevertheless, such information may still be useful to monitor the 
dynamics of the general population, regardless of races/ethnicities. To estimate 
the representativeness of web demographics, the list of most frequently occurring 
surnames (US Census Bureau  2010  )  can be used to evaluate the coverage of web 
demographics for the population at large. Whether the goal is to search for the 
web demographics of a speci fi c group or of the general population, it is important 
to “design a well-constructed list of representative surname samples that strike a  fi ne 
balance between the anticipated type I or II errors in statistics” (Chow et al.  2011  ) . 

 Aside from the coverage rate, the accuracy of web demographics is of paramount 
concern. An ideal accuracy assessment of web demographics should consist of a 
well-planned  fi eld survey that samples individual households over a region and within 
a similar time frame. However, the willingness of invited candidates to complete 
the survey and the level of trust necessary for disclosure of personal information 
may introduce uncertainties into the accuracy assessment. To evaluate the quality of 
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web demographics, the assessment may be partitioned into demographic attribute 
correctness, positional accuracy, and temporal currency. No accuracy assessment has 
been reported to date in these regards. 

 As web demographics originate from public and private data, clerical and 
typographic mistakes may present errors. Each demographic attribute, such as 
name ( fi rst, middle, and last), age, household members, etc., can be evaluated by a 
simple accuracy measurement. For a qualitative attribute (e.g., name), any typo-
graphical mismatch can be considered as an incorrect entry. Thus, the accuracy 
of qualitative demographic attributes can be determined by the frequency of correct 
entries over total responses. Similarly, the quantitative attributes, such as age, can 
adopt descriptive statistics to explore the distribution of error between the surveyed 
and web demographics. 

 Positional accuracy of web demographics can be evaluated by the ground distance 
between the best-measured location of the residence and the position address, matched 
on the basis of the last address reported in the web demographics. Positional 
accuracy can be affected by both the source error and processing error (Goodchild 
 1989  ) . For web demographics, any distortion in the data source implies an outdated 
or incorrect address being used, and the source error equates to the ground distance 
between the updated (if known) and the outdated addresses, geocoded by the 
same method. It goes without saying that the source error is intrinsically correlated 
to the temporal currency of web demographics. By connecting an address to a 
point in a prede fi ned coordinate system, the process error indicates the performance 
of an address-matching process, which largely depends on the effectiveness of the 
matching algorithm and the quality of reference data. 

 Swift et al.  (  2008  )  reviewed eight geocoding systems, including both the desktop 
and web-mapping solutions (e.g., Google Maps Application Programming Interface), 
and reported that addresses with higher source error may bene fi t from a simpler 
address-matching algorithm, and vice versa. The positional accuracy of web demo-
graphics, in terms of both source and processing errors, can provide helpful insights 
into the reliability of spatial analysis that utilizes web demographics. 

 Temporal currency refers to the “degree to which the database is complete and 
up-to-date” (Goodchild  2008  ) , and it may affect both demographic attribute correctness 
and positional accuracy. Temporal currency can be described by the dual aspects 
of the latest timestamp and relative timeliness in web demographics. The latest 
timestamp is the last known date/time when the demographics were veri fi ed or 
updated, and its assessment is relatively straightforward. Depending on when a 
life event occurs, such as relocation, an older timestamp may not necessarily equate 
to an incorrect or outdated entry. On the other hand, the difference between the exact 
moment of an actual event and the time when the web demographics re fl ected 
the corresponding update indicates the relative timeliness of a record. In reality, 
the exact time of a life event may not be captured by the web demographics, and the 
uncertain origin of a primary data source may result in a fuzzy relative timeliness. 
Future work can explore the relationships among coverage, demographic attribute 
correctness, positional accuracy, and temporal currency (i.e., the latest timestamp and 
relative timeliness if available) of web demographics and examine the spatiotemporal 
landscape of a given population.  



27715 “We Know Who You Are and We Know Where You Live”: A Research...

    15.3.4   Applications 

 A major motivation of gathering personal-level web demographics is to better 
understand the customer pro fi le for marketing purposes (Linberger and White  1998  ) . 
Some people- fi nder sites such as Intelius and PeopleFinders (  www.PeopleFinders.
com    ) sell value-added web demographics by offering various paid subscription 
plans for further personal details, including marriage status,  fi nancial history, etc. 
Corporate employers and legal services often utilize such information to acquire 
criminal checks and credit reports on prospective candidates. Conventional geode-
mographics have been used to derive indicators for social networking (Singleton 
and Longley  2009  ) . 

 While the solicitation of web demographics is typically tailored for an individual, 
automating such a process makes it easier to acquire the web demographics of a 
population sample (Chow et al.  2011  ) . A recent study compared the web demographics 
of VA in Texas during 2009 with the Census 2000 data to explore the potential of 
web demographics for population monitoring (Chow et al.  2010  ) . By examining the 
data distribution of areas in which there are high discrepancies between web 
samples and Census 2000 references, various counties and census tracts that 
experienced signi fi cant population gain or de fi cit were identi fi ed. The spatial 
pattern of signi fi cant population change was found to be consistent with the urban-
to-suburban migration typically observed around the city edge of major metropolitan 
areas in Texas, as well as the rural–urban migration in coastal  fi shery settlements 
(Chow et al.  2010  ) . Thus, the results from this pilot study unveiled the potential of 
web demographics to map the spatial distribution of a population group and monitor 
the group’s movement over time. 

 With a carefully designed surname list, it is possible to extend the systematic 
acquisition of web demographics to multiethnic races with distinguishable surnames. 
While the coverage and accuracy of web demographics have yet to be validated 
by a large-scale  fi eld survey, this alternative data source may prove complementary to 
the conventional census enumeration. As ethnic minorities are often subjected 
to undercount in census (Anderson and Fienberg  1999  ) , web demographics of these 
population subgroups can be used to estimate the net under-/overcount by matching 
the enumeration record between the web and census demographics. The dual 
system estimation (DSE) adopts a capture-recapture method to adjust the estimation 
of population size (Wright  2000  ) . It is not known; however, the degree to which web 
demographics may suffer from correlation bias, the problem of missing population 
in both demographic surveys, and how it may affect census adjustment. 

 In addition to a custom search of web demographics for ethnic minorities, future 
research can also examine its extension to the general population regardless of 
races/ethnicities by using a list of popular names, such as the 1,000 most frequently 
occurring surnames from Census 2000 (US Census Bureau  2010  ) . Theoretically, 
an exhaustive web search of all surveyed surnames is similar in scope to Census 
2.0 – an enumeration strategy that uses Web 2.0 technologies to survey the demo-
graphics of unique individuals from the Internet. In Census 2000, about 89.8% 
of the US population shared 151,671 surnames, which approximates 2.4% of all 
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surnames surveyed  (  Word et al., n.d.  ) . Because web demographics can be acquired 
at a much lower cost than a traditional census, with a  fl exible schedule and in a 
repeatable manner, it warrants continued research to examine the population dis-
placement in response to a speci fi c event, such as a disaster or an economic recession. 
Upon the validation of web demographics, a comparative study with other population 
distribution datasets, such as LandScan, will provide valuable insights for veri fi cation 
of the global database and foster possible integration of multi-scale study in micro-
demographics and macrodemographics (Bhaduri  2011  ) . 

 Web demographics can be helpful to resolve community issues as well. Local 
communities can create limited demographic databases re fl ecting the values of their 
local neighborhood or communities. As indicated by Seeger  (  2008  ) , one of the key 
challenges in VGI projects is to promote public awareness of and participation 
in such opportunities. The use of web demographics can help target relevant stakehold-
ers and enhance the response rate for a VGI project through a cyberinfrastructure 
support system (e.g.,   www.citsci.org    ) (Newman et al.  2011  ) . Web personal microdata 
enable spatial analyses at the neighborhood level in order to address problems 
within a community. This capability is particularly important in cultural communities 
(e.g., ethnic minorities) that need to allocate limited resources to the targeted group 
and require VGI for decision making, such as landscape planning (Seeger  2008  ) . 

 The integration of other VGI, such as CommonCensus (  http://www.commoncensus.
org    ), can assist the investigation of the cultural landscape, including its factors, 
impacts, and implications to enhance community building and problem-solving. 
Such a community-based demographic database can contribute geographic and 
demographic dimensions to the formation of location-based social networks for 
applications such as geoportal development (De Longueville  2010  )  and epidemic 
monitoring (Firestone et al.  2011  ) . In fact, WhitePages has recently launched a VGI 
platform (  neighbors.whitepages.com    ) that allows individuals to claim their personal 
pro fi les and connect with their neighbors for community building. Such community 
pro fi les can improve the discourse of geodemographic analysis and enhance 
customized local deals, advertising, and marketing strategies based on place-based 
demographics and personal behavioral pro fi le, such as usage history and search 
preference (Goss  1995  ) . Thus, VGI-enabled local search will play an increasingly 
important role in mobile applications. A community-based demographic database 
can also enrich related research in “ecological momentary assessment” that tracked 
the activity space of volunteering individuals to unearth social interaction, mental 
health, and behavioral outcomes (Browning  2011  ) . 

 Aside from linguistic or racial/ethnic connections, a surname may also reveal the 
physical bonding to a landscape, a hint to common ancestry, and a window to study 
population structure (Lasker  1985 ; Lasker and Mascie-Taylor  1990  ) . Toponymic 
surnames (named after a place or a village) are common in some cultures (e.g., 
Bath in Britain) and are found to have higher frequency around areas of origin 
(Kaplan and Lasker  1983  ) . Isonymy explores the pattern of common surnames over 
space; not surprisingly, the landscape of surnames is consistent with Tobler’s  fi rst 
law of geography: near places have more similar names than those from afar (Tobler 
 1970  ) . Longley et al.  (  2011  )  used surname frequency data from an electoral registry 
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to study population dynamics of human migration. Their results from hierarchical 
clustering and multidimensional scaling identi fi ed regions with similar surname 
compositions and concluded that clusters of people who share common surnames 
tend to stay in proximate locations (Longley et al.  2011  ) . Web demographics can 
serve as a contemporary source of surname data needed for isonymic analysis.  

    15.3.5   Privacy 

 The acquisition of personal data has been a long-standing issue with regard to 
information privacy, which is often perceived as a person’s “ability to control 
the collection or dissemination of information about himself or herself” (Elwood 
and Leszczynski  2011  ) . A question central to the issue of privacy over web 
demographics is the ownership of information. As personal data propagates 
from individuals to the primary data source(s) and to secondary users, what are the 
ownership “rights,” as well as responsibilities, for each actor involved? Elwood 
and Leszczynski  (  2011  )  called for a reconsideration of privacy and protection 
practices in light of new multimedia (e.g., pictures from Google Street View) and 
the transformation of people’s roles and relationships among civil, corporate, and state 
actors. In general, the civil actors of web demographics did not permit the disclo-
sure of their personal data on the web, but they might have indirectly contributed 
to the assembly of web demographics by publishing their information through 
social networking sites and other online agreements (e.g., registering for an online 
sweepstake). Thus, the reconceptualization of privacy in light of web demographics 
may be different from the call for VGI and that of traditional geodemographics. 

 Privacy concerns can affect the quality of demographic surveying. Despite the 
constitutional mandate for a census in the USA, there have been reoccurring public 
controversies over the details of demographic data required, enumeration strategies, 
and channels of data dissemination, such as the now-defunct decennial census long 
form (Robbin  2001  ) . Concerns about personal privacy would affect the response 
rate among a small but signi fi cant percentage of participating citizens (Singer et al. 
 1993  ) . Web demographics are typically acquired from primary data sources without 
permission from the “volunteers.” Hence, it is doubtful if the civil actors would trust 
or have con fi dence in the institutions responsible for the collection and dissemination 
of web demographics. Social networking sites have been identi fi ed as important 
data sources for a new model of geodemographic pro fi ling (Singleton and Longley 
 2009  ) . A recent review on social networking sites revealed that adult users are more 
concerned about potential threats to information privacy than younger users (Hugl 
 2011  ) . It is not known how the differential privacy concerns among and within various 
population groups may affect the quality, in terms of both coverage and accuracy, of 
the web demographics. 

 Goss  (  1995  )  argued that not only are privacy issues at stake, but incomplete or 
inaccurate information presented in web demographics may result in socioeconomic 
mislabeling and a reduction of one’s identity to “you are where you live.” Moreover, 



280 T.E. Chow

the interconnection and intertwining of institutional and corporate databases lays 
down the infrastructure for “dataveillance” – the surveillance of individuals’ behavior 
through an electronic data trail, including mobile and Internet usage. Technological 
advancements such as location-aware browsing and the culture of real-time sharing 
pave the way for more current updates for web demographics. In light of the ever-
evolving web and mobile technologies, the societal and scienti fi c implications of 
web demographics have yet to be unpacked. 

 Societal concerns and public discourse about information privacy drive the 
demand for appropriate practices of privacy protection. Some people- fi nder sites 
such as WhitePages adopt the opt-out approach for privacy protection. Any indi-
vidual who wishes to remove his or her record from a published listing must request 
to be concealed from being “searchable.” However, there is no guarantee that the 
removed information would be unavailable permanently because personal data 
may be reacquired and republished due to the updates of life events from primary 
data sources, such as moving or change of name (WhitePages  2011  ) . Data shuf fl ing 
techniques, such as geographic masking, can be used to protect the privacy and 
con fi dentiality of personal data on the web while balancing the need to analyze 
spatially aggregated demographics (Kwan et al.  2004  ) . However, such practices can 
undermine the commercial objectives of people- fi nder sites and their potential 
applications for a targeted search of an individual.  

    15.3.6   Other Related Issues 

 In addition to the societal implications of web demographics, it is important to 
understand the role society has had on shaping the landscape of web demographics. 
A good example is the digital divide (the differential access to information and 
technology among population groups with varying levels of socioeconomic and 
demographic composition). As web demographics have originated from analog 
transactions and digital traces, it is possible that some population groups are less 
represented in the web demographics (e.g., young dependents, illegal immigrants, or 
otherwise disadvantaged groups). Theoretically, these population groups may still 
leave a trace of demographic transaction on public records (e.g., utility subscriptions, 
applications for credit cards, drivers’ licenses). For broadband Internet usage, Prieger 
and Hu  (  2008  )  reported that race and ethnicity are important factors responsible 
for the digital divide while holding income, education, and demographic factors 
constant. They also found that competition among Internet providers may narrow 
the gap in the number of Internet subscribers and improve the quality of service, 
indicating that remote communities may experience physical barriers to digital 
access and representation. In light of these  fi ndings, racial/geographic disparity in 
web demographics may be partially attributed to the digital divide of Internet access. 
More research is needed to explore the common causes on coverage disparity of 
web demographics and how it may be empirically related to the digital divide. 
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 Metadata is another area of interest for VGI research. Producers of VGI, unlike 
the conventional producers of geospatial data, may be motivated to document 
effective metadata. From a privacy protection perspective, however, metadata 
may be of particular concern in producing or updating web demographics. It is not 
known if a “user-centric approach” would improve metadata production for web 
demographics (Goodchild  2008  ) . By adopting a Wikipedia approach of VGI (Sui 
 2008  ) , an automatic timestamp can be produced in the metadata of web demograph-
ics whenever an individual record is veri fi ed or updated. An automatic timestamp is 
an example of object-level metadata (Chap.   4    ). Among the lessons to be learned 
from Wikipedia, the complete history of revision, the use of data mining, and the 
framework of  fl agging re fi ned, unre fi ned, or problematic content are most valuable 
to the metadata of VGI (Hardy  2010  ) . On the other hand, ancillary metadata, or 
metadata squared, of web demographics can be social media that introduces the 
swirling universe of other sociocultural characteristics about this person beyond 
the basic description of demographic attributes (Chap.   4    ). Thus, the VGI approach 
of metadata production is relevant to web demographics and can serve as a showcase 
for broader geospatial data. 

 Because the collection of demographic data relies on individual compliance, 
psychological and sociocultural factors may in fl uence an individual’s willingness to 
provide accurate and complete data. For example, the degree to which ethnic minority 
and immigrant individuals identify with the mainstream culture may affect the 
individual’s level of compliance with the data-gathering process of the census 
(Berry et al.  2006  ) . Cultural factors, as well as differences in education, citizenship, 
and age, are contributing factors to civil participation and engagement (Uhlaner 
et al.  1989  ) . As migration is becoming more common in a global village, an indi-
vidual’s psychological acculturation strategy may provide useful insights to predict 
the individual’s level of compliance with the gathering of demographic data (Berry 
et al.  2006  ) . Thus, a better understanding of psychological acculturation strategies 
may be helpful to interpret the accuracy and coverage of web demographics among 
various racial and ethnic groups.   

    15.4   Summary and Concluding Remarks 

 This chapter began by examining web demographics as a kind of VGI. Using a 
preliminary VGI framework as an assessment, web demographics is similar to 
conventional VGI in terms of its chaotic structure of instant and cross-referenced 
information, produced by an ambiguous role of contributors within a compressed 
timescale (Goodchild  2007  ) . However, it is perhaps most different in the motivation 
of “volunteers.” Web demographics may serve as a case demanding a verdict to 
reevaluate the nature and the taxonomy of “volunteerism” in VGI. 

 In many social studies, the primary source, and very often the only source, of 
demographic data is the of fi cial census. However, census demographics are subject 
to a speci fi c temporal interval (e.g., ranging from 1 to 10 years in general) and scale 
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(i.e., aggregated into varying geographical areas). Demographic data “on demand” 
at the personal level were not available before the recent discovery of web demo-
graphics for population monitoring. Thus, although temporal currency has yet to be 
validated, the web provides gigantic “nearly” real-time personal level demographic 
data to anyone with Internet access. More research and development are needed to 
validate the coverage and accuracy of web demographics, enhance extraction rules of 
web demographics, identify and remove erroneous enumeration (i.e., duplicate, 
 fi ctitious, and incomplete records), explore potential applications, and overcome 
probable shortcomings. The utilization of web demographics must be cautious with 
regard to their uncertainties, privacy issues, and societal impacts. Nevertheless, web 
demographics present an alternative data source for future research.      
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