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Abstract—For many marketing and business applications, it is As noted above, it cannot be assumed that essentially al com
necessary to know the home page of a company specified onlypanies listed in such directories have a website. Spedjfical
by its company name. If we require the home page for a small j, 5 random sample of 947 companies with annual revenue
number of big companies, this task is readily accomplishedia between $3M and $100M, 372 (39%) of these companies did
use of Internet search engines or access to domain registiah 1 0 P .
lists. However, if the entities of interest are small compaies, these NOt have an observed website. Hence, correct resolution of a
approaches can lead to mismatches, particularly if a specéd company’s website, including those without a site, is a key
company lacks a home page. We address this problem usingdata quality issue for companies that sell such data.

a supervised machine-learning approach in which we train a  an important application that requires reliable websiterid

binary classification model. We classify potential websitenatches ... . . L . .
for each company name based on a set of explanatory features_t'f'cat'on arises when we seek to join structured firmographi

extracted from the content on each candidate website. Our information for a large number of small companies with in-
approach is related to web-based business intelligence invd  dexed content crawled from their respective websites. €he r
ways: (1) we build the training set for our learning algorithms  sylting database of merged structured and unstructureemon
through crowdsourcing tools and illustrate their potential for provides a rich set of data for machine-learning applicatio

business research, and (2) the success of our model allowseon 5 d | bl f d h bilities t
to easily use corporate home pages as data inputs into other[ ], and can also enable new focused search capabilities to

research projects. Through the successful use of crowdsoting, address a range of marketing objectives. A key initial step
our approach is able to identify a correct home page or recogae in this process is automatically determining the correacho
that a valid home page does not exist with an accuracy that is page for the tens of thousands of companies required in this
57% better than simply taking the highest ranked search engie application
result as the correct match. : . . .

To be able to harness information from company websites,
one first needs an automated way to know when one is viewing
the home page of a given company. Through the use of

For many business-related applications, it is useful toakngsrowdsourcing, we build a large training set and illustitatet
the Internet home page (or URL) for a specified set dpe data obtained through this method is reliable. Using thi
companies. If the companies are large, e.g. Fortune 5@@ta, we develop a machine-learning approach to discayerin
companies, this task can be accomplished easily by submittfhe home page for a specified company, and compare results
each company name to an Internet search engine and captufiiffj the non-learning approach of accepting the first return
the first returned result. However, if we require the homespa§Om an Internet search engine.
for a very large number of smaller companies, then such an
approach is no longer feasible due to the sheer number of
companies, and the observation that the first search resurn f AS noted in the introduction, our objective is to determine
a smaller company is less likely to be the correct home pad@e correct home page for a company specified only by its
Indeed, many small companies will have no website at all, §§me. We refer to this overall objective as tMapping
it is important that an automated capability detect suclkesasTask where a specific URL ismappedonto a company
There are several major data vendors that offer detaild@me- This task can be formulated as a supervised, machine-
“firmographic” information on a very large number (order mil/€@ming problem by generating a set of potential home page
lions) of companies, including very small companies. The§g/RL) matches (or candidates) for each company, and then
data include information such as annual revenue, number!&ning & binary classification model against a labeledo$et

employees, the primary industry in which the company Opé}uch examples. Such a model estimates the probability that a

ates, and contact information including the company websiSPecific URL represents the home page of a given company.
We refer to the process of scoring each individual candidate

We acknowledge lldar Khabibrakhmanov for his contribusiaturing the for a company na_me (a comp.any name and URL matCh) as
initial phase of this work. the Match-Evaluation Taskor simply as theMatching Task

I. INTRODUCTION

Il. PROBLEM SPECIFICATION



/Company-Website Modh / Correct-Website Model \ actual company. This can be somewhat subjective, and we use
the following guidance in generating these labels:

Construct Construct . - P
Company Website Correct Website A URL; is a positive example if it clearly belongs

i A ot . . ;
ek Training Set to a business entity that produces some kind of
Labelod <URLs L abeled|<Company Name, URL> goods or services, and the site appears to have
the goal to promote some aspect of their business
[ Extract Features ] [ Extract Features ] model. We also label n_ot-for-proflt (_)rganlzatlons like
foundations and hospitals as positive examples for
Explanatory Features Explanatory Features thls mOdel'
The following sections elaborate on the specifics of the

Train Train

) ) models as outlined above.
Company Website Output Correct Website

\[ — J \ - b IIl. DATA SETS

In this section, we describe the approach used to obtain
the labeled data sets mentioned in the previous section. We
choose a set of company names listed by Dun & Bradstreet
(http://www.dnb.com), which maintains information on ove
15 million companies worldwide. We restricted ourselves to

The Mapping Taskthen aggregates these individual resultgompanies in the US with an annual revenue greater than
to obtain a final recommendation for the specified compafg million, which yields a set of approximately 375,000
name. companies. This set is then sampled uniformly to yield 1087
The generation of candidate URLs is accomplished gpmpanies.
submitting the company name to an Internet search engide, anFor each company name in this base list, we need to gener-
retaining a small number of unique domains returned by suclate a set of potential URL matches or candidates. We build the
query as candidate URLSs for this company name. Explanatdist of candidates by submitting the company name to Google.
features are obtained via analysis of company name daefore submitting each company name, any legal identifiers
the HTML tags and content on the candidate URL. Using.g. “Inc” or “LLC") are stripped from the company name,
these features, each candidate match is scored by a mauwl the remaining text is encapsulated in quotation marks to
(denoted as theCorrect-Website Modgltrained to estimate ensure that sites with the full company name appear in the
the probability that a given candidate match is correct. Tis@arch results.
best match is returned as the final result of the mapping taskDepending on the unigueness of the search terms, the
If none of the candidate matches meets a specified confidenugnber of results for each submitted company name can
the company is assumed to have no website. vary from zero (in a small number of cases) to hundreds of
Figure 1 illustrates the training of th€orrect-Website thousands. For our analysis, we retain only the top ten URLs
Model Note that this model accepts output from a secoras ordered by Google. Since the goal of this task is creating
model designed to estimate the probability that a given URiandidate home page matches for each company, the resulting
is the home page oany company. We refer to this as thesites are stripped of any subdirectories to focus spedifical
Company Website Modelit is also implemented as a binaryon the domain. Each unique domain name here becomes a
classifier. candidate match for the specified company. Note that due to
The objective of each model can be made clear via tliee limited numbers of search results, some companies will
different training sets used in each. Given a Compamaynd have fewer than ten candidates.
candidate URLj, we denote a candidate match as As a result of this process, we have a set of potential
<CompanyName, URL>. For theCorrect-Website Model <CompanyName, URL> matches. We use this list to
we label each such match as correct or incorrect based ganerate the set of training examples through labeling by
visual inspection of the website under the following deiamit the authors, as well as using the “Amazon Mechanical Turk”

[ Apply Model ]

Fig. 1. Training the Matching Model

A candidate match<CompanyName, URL> is service, described later in the paper. This process results
a correct example if it appears likely that this site  the following training sets:
was created by the named entity, either directly, or « For 103 companies within the list of 1087, we label the
indirectly via a third-party website developer. The set of uniqueURL; to form the training set for the
match is also considered correct if it is clear that the Company Websitenodel, labeled as positive or negative
company name is a subsidiary or recent acquisition using the criteria given in Section Il. This yields a labeled
of the parent company identified by thér L. set of 628 examples, 176 of which are positive.

The training set for th€ompany Website Modisl constructed  « The set of uniquecCompanyName, U RL> pairs form

by manually labeling a sefURL;} as positive or negative the training set for th€orrect Websitanodel, labeled as

based on whether the site appears to be the home page for an positive or negative. This yields a labeled set of 8551



examples, 802 of which are positive. Note that some
companies have more than one positive result due to
the use of multiple domain names or having subsidiary-
specific home pages as well.

80
|

To aid in labeling, matches were submitted to the Amazon
Mechanical Turk service (http://www.mturk.com/). Thisrse
vice allows one to submit a simple question, called a “Human
Intelligence Task” (HIT), and have an individual (or “Worke

Number of Workers
40
1

provide an answer to each HIT in exchange for a nominal o |
reward. For our labeling process, 9703 pairs were submitted h
as HITs, representing a total of 984 unique companies. H Hﬂm‘

To ensure a high quality of labeling, each M-~ 1 1 ]
<CompanyName, URL> pair was labeled as correct o0 02 04 06 08 10
or incorrect by 3 different workers. Validation by the autho Probability

showed that mistaken labeling tends to occur through false
positives (i_e' a match is incorrectly labeled as Corredf)g. 2.__‘Histogram of the quality of Mechani(;al Turk‘ workegsstimated
rather than false negatives. To deal with this, the 9é)aobab|llt|es near.0 show workers who have high quality labels.
companies were filtered to include only the companies for
which the authors are confident in their labels. A candidate
<CompanyName, URL> match was accepted as correcf Structured features
only if all 3 workers labeled it as correct. A company name Given a<CompanyName, URL> candidate match, the
was assumed to have no URL if none of the 10 candidaigyctured features capture the extent to which the company
matches for this company received more that 1 correct lakgime is present in either the HTML tags or the body of the
from the 3 workers. If neither of these conditions were mejage at this URL. The structured features also capture other
for a specific company name, then the result was viewg@dn-content-based attributes of the page, such as the mahbe
as uncertain, and the company was discarded from furthgfs on the page. For the sake of brevity, an in-depth anaif/sis
analysis. In this way, the number of companies labeled usiggyctured features is not included in the paper, but isaiviai
the Mechanical Turk service was reduced from 984 to 84¢hon request.
companies. The general structure of a web page includes header infor-
A major concern in terms of building the training semation, encapsulated in<ahead- tag, followed by the actual
was the quality of data collected on the Mechanical Turlgeb page itself (as shown in a web browser) surrounded by
service. Each<CompanyName, URL> pair was labeled a <body> tag. The title of the page itself is contained within
by three independent workers, allowing one to estimate theseparatectite> tag embedded in the header. Many of the
proportion of times that the pairs will receive unanimougatures capture analysis of thaitle> tag, effectively mea-
votes given a specific worker participating in that labelinguring the extent to which the company name is reflected in
task. This provides a heuristic for estimates worker qualitthe title. The Levenshtein distance [3] is one such measiure o
Figure 2 shows the distribution of proportions (i.e. estea edit distance, effectively measuring the number of openati
probability) for the389 workers. The histogram shows that th@equired to transform one string into another.
data can generally be trusted, as the mean value for workers ipnother strategy we employ is to examine the hyperlink
0.77. If we take these proportions as probability estimates f@§formation and the link structure of a web page. Examples of
workers being “correct”, then we are above thé threshold the resulting features include the number of links to domain
set by other researchers for data quality [7]. known to host ads and the number of links to other websites.
Combined with the examples labeled by authors, this rghese features are intended to capture the observation that
sulted in a data set consisting of 947 companies, and 85§iectories or portals often contain a large number of links
<CompanyName, URL> pairs. and very little content, and hence can be excluded as patenti
matches for a specific company. However, aside from counting
ad-related domains, it appears that the hyperlink stractur
provides little useful information for the model, as measur
by the information gain.
If external information about a candidate website is avail-
« structured features that reflect analysis of a websiteiple, this can prove extremely valuable in feature creation
HTML tags and body, as well as other structural propegs well; where, byexternalwe refer to features that cannot
ties of the page such as hyperlinks; and, be extracted from the content of the website itself. Since
« unstructured text features extracted from the raw contefndidate matches include a URL obtained by submitting the
that appears on the web page. company name to Google, we have both the domain name of

IV. FEATURE CONSTRUCTION

We separate these features into two sets:



the URL and the rank of this URL in the ordered list of sites
returned by the Google search.

1.0

0.8

B. Unstructured text features

0.6

Apart from the structured features described in the previou
section, we can also exploit the unstructured text content
that appears on each candidate website. The web content by
itself can be quite useful in determining if a candidate web
page is a valid company site, as opposed to the website of & - - - - o
a person, directory, web log, etc. For example, words like False Positive Rate
advertisement, yellow, directories, citysearch appear on
web pages of directory services that might list company rame
but are not the home page of the desired company. On the
other hand, words such gwoducts, services, contact are
usually more commonly found on actual company websites.
If a candidate URL is not the home pageasfy company, then
we can be sure that it is not a correct match for the specific
company in question. One could build a list of keywords by
hand to help determine if a page is likely to be a company page o
or not. However, we find it more efficient and accurate to train
models to automatically learn this distinction. We desetitis
process in more detail below. Fig. 3. ROC curve for text-classification model trained teritify company

For each unique candidate URL in our data, we downiodlf251e5 (o9) and fr & ocus@bmpany iebstenode naned to denty
the corresponding web page and pre-process the text by rem@uttom).
ing stop words, stemming the words into inflected forms, and
filtering out words that appear in less than 25 web pages. This
results in a collection of 5777 web pages, represented bg 48listribution of companies in our dataset. We do this by trajn
unique words, which we convert into vectors using the bag-afur text classification models using only the company websit
word representation with TF-IDF term weighting [1]. Notath of correct matches in our dataset as positive examples of
there are less web pages than tetélompanyName, URL> companies (as opposed to all company websites). This fdcuse
pairs because some URLs, like those of business directoriésmpany Websitmodel performs even better, resulting in an

True Positive Rate
0.4

0.2

1.0 0.0

0.4 0.6 0.8

True Positive Rate

0.2

00 02 04 06 08 10
False Positive Rate

may be candidates for multiple companies. AUC of 0.833 for the ROC curve shown in Figure 3. These
) results confirm that the raw text content is indeed quite &ulise
C. Analyzing text features source of information for buildingompany Websitenodels,

Given the data described above, we can now build texthich in turn can be used to drive accur&@errect Website
based models to predict if a given URL is the web page ofodels.
any company. We use the@ompany Websitabels of the 103
company subset described in Section Ill. Since this is alemal
data set, less stringent pruning is applied to the text dith, In this section, we describe different approaches to com-
words discarded if they appear on less than five web pagbgiing the structured and unstructured features to buildemo
We then train a naive Bayes classifier using a multinomiatcurateCorrect Websitemodels. We compare the following
text model [4]. As noted by Rennie et al. [6] and Frankhree approaches of incorporating thempany Websiteodel
and Bouckaert [2] naive Bayes trained on imbalanced datdo a Correct Websitemodel.
produces predictions that are biased in favor of large elass Voting: In this approach, we train a separate naive Bayes
To overcome this, we re-weighted the instances in the trginiCompany Websitenodel and a logistic regressioBorrect
data so that a positive instance has 3.5 times the weightWébsite model (on the same training instances), and then
a negative instance (which corresponds to the imbalanceawverage the class probability estimates produced by both
this data set). We evaluated this classifier using 10-faldd®r models to get a revised estimate of a correct match.
validation and present the resulting ROC curve in Figure 3.Nesting: In this approach, we use the output of tBem-

The results demonstrate that our model is quite effective rany Websitemodel as an input to the logistic regression
separating company pages from non-company pages, basediel. Specifically, we add another variable in the logistic
solely on the text that appears on the page — producingegression, corresponding to the predicted probabilitgt th
model AUC of 0.809. the candidate website is a company website as given by a

Since we are primarily interested in finding correct URICompany Websitenodel. In order not to bias our evaluation,
matches for the company names in our data, we can furtlveg build theCompany Websitmodel using the same training
refine our Company Websitanodel to only focus on the set as used by the logistic regression model. However, ierord

V. THE URL-MATCHING MODELS



to train the logistic regression on the additior@mpany
Websitescore, we need to provide values for this variable on
the training data. We could do this by trainingGompany
Websitemodel on the training set and providing the scores
on the same training data. However, the logistic regression
trained on this input could be prone to over-fitting. Hence, a
better approach is to use cross-validation on the trainetg s
to get unbiased scores fromGompany Websitenodel, i.e.,

the training set is further split into 10 folds, and the instes

in each fold are scored by @ompany Websitenodel that ‘ ‘ ‘ ‘ ‘
has been trained on the remaining 9 folds. These unbiased 0.0 02 04 0.6 08 10
estimates are then used as inputs to the logistic regression False Positive Rate

along with all the other structured features. In experimemot Fig- 4. ROC curves for the three URL-matching models compacethe
presented here, we have confirmed that this unbiased estin?4pe"e"m Feeling Lucky” performance.

—— Stacking
-- Voting
<<<<< Nesting
o |IFL

True Positive Rate

0.0

approach does in fact improve on using training set scores. TABLE |

Stacking: This approach is similar to voting, where two CONFUSION MATRIX FOR THEIFL CLASSIFIER
separate models are trained on the structured and unsgdctu bredicted
features using a naive Bayes classifier and logistic regnes A Viaich T No Maich
respectively. However, instead of simply averaging thepout Actual |_AMatch 477 328
predictions, we train another logistic regression modédmon No Match | 473 7276

how to optimally combine the outputs of the base models —

following Wolpert's [8] approach to Stacked Generalizatio
of IFL lies below the ROC curves of our matching models

V1. EXPERIMENTAL EVALUATION in Figure 4. The results also confirm that incorporating the
A. Evaluating the matching task unstructured text features via tH@ompany Websitenodel

We evaluated the thre€orrect Websitemodels described ¢a@n improve on using only structured features. Amongst
in Section V on our set of 855% CompanyName, URL> the three models that use both structured and unstructured
pairs. Since candidate URLs are retrieved through a seaf€Atures, Stacking shows the best performance in terms of
engine, a natural approach to URL selection is to simply pidJC- Clearly, learning how to combine the outputs of the
the highest ranked result. We refer to this baseline approde0mpany Websitenodel with the logistic regression model
as the “I'm Feeling Lucky” (IFL) classifier. It classifies allOn Structured features, as done by Stacking, is a very aiféect
first search returns as a correct match, and all other catedicd@PProach to solving the URL-matching problem. As such, we
URLs are assumed to be incorrect matches. We also presé#ft this approach for the evaluation in the following sectio
results for theCorrect Websitemodels built using only the
structured features described in Section IV-A.

All experiments were performed using 10-fold cros
validation, and ROC curves are shown in Figure 4. For clarity The experimental results thus far show that evaluating a
of the figure, we only plot the three most relevant curveseNok CompanyName, U RL> match can be accomplished with
that the IFL classifier only outputs predicted class labats] an AUC of over 0.95. However, as stated in Section I,
does not provide class membership probabilities. As suchthis matching problem is a sub-task of the real problem of
only presents the single operating point of the IFL classifiedJRL-mapping — i.e., given a company name, map it to
In lieu of an ROC curve, we present the confusion matrix fdhe appropriate home page URL. GivenCarrect Website
the IFL classifier in Table I. classifier, the mapping task can be solved in the following

Of the 947 companies in the data set, 575 have home pagey.
whose domains appear in the search results. Of these 575or a specific company name, a set &f (in our case,
companies, 474 have their home pages as the top rank in ffie= 10) candidate URLs is obtained from a search engine,
set of results. Thus, it is clear that the top ranking sites aresulting inN <CompanyName, URL> pairs. Each pair is
often the correct ones, if one assumes a home page existen passed on to theorrect Websitenodel, which returns a
However, only 60.7% of company names yield a site, makingobability representing the likelihood that the pair isoarect
the IFL classifier generally inaccurate. IFL classificatygglds match. If at least one probability score is above a specified
a matching accuracy of 90.6%; which may seem high, but threshold value?’, then the highest-ranked pair is considered
fact is equal to the base rate, i.e. classifying all exampkes to be the correct match, and the company name is then mapped
negative. to that URL. Otherwise, we assume that all candidate URLs

All the modeling-based approaches perform substantiallye incorrect and that the company does not have a home page.
better when compared to the baseline IFL classifier. This isThe threshold,T’, can be selected based on the relative
evidenced by the fact that even the single operating poirdsts or penalties of having false-positive versus fatksgative

SES. Evaluating the mapping task



TABLE Il
COMPARISON OF THEIFL CLASSIFIER VERSUS MODEEDRIVEN URL MAPPING USING TWO DIFFERENT THRESHOLDS

Company Type # Companies | Predicted Class IFL T=017] T=0.90
Correct 474 445 129
With Valid Site 575 Incorrect (Missing) 0 47 431
Incorrect (Wrong Site)| 101 83 15
- Lo Correct 0 298 370
Without Valid Site | 372 Incorrect (Wrong Site)| 372 74 2
[Al | 947 | Accuracy [ 50.1% | 785% [ 71.8% |
matches. We consider two such cases, whére 0.17 and VII. CONCLUSION
T = 0.90. Both results, along with the results of tHEm Determining the home page for a company identified only

Feeling Lucky”classifier, are presented in Table Il. In additiorE)y its name is not a trivial task because many small companies
to overall accuracies, we also report results separately fave a limited web presence. Based on our research, almost
companies that have a valid website, and those that do nokgo of small companies do not have a website that appears
For companies without a website, two outcomes are pda-the top ten search engine results. In this paper, we descri
sible: classifying all candidates as incorrect, or incoitye how the task of mapping a company name to a home page can
identifying one candidate as the company home page. In the solved through a sub-task of evaluating if a given caneida
case of the IFL classifier, the highest ranked result is alwayRL matches the company name. We formulate this sub-task
considered to be the correct one, and so it incorrectly iflesit of evaluating matches as a supervised learning problem, and
home pages for all companies without sites. Our model, on thglve it by training classifiers on features that analyzesiteb
other hand, is able to identify 298 (80.1%) and 370 (99.5%jructure as well as text content. The development of such
companies as not having home pages, Tor= 0.17 and a classifier is dependent on the use of crowdsourcing tools
T = 0.90 respectively. to build a large and robust training set for our algorithms.
For the 575 companies that do have a home page, theredging such a classifier based on a Stacked learner, we are
three possible outcomes: (1) the correct home page is mappbte to achieve an accuracy of 78.5% in mapping a correct
to the company, (2) the company is incorrectly classified &RL to a company name, with only 16.6% of company names
not having a home page, and (3) an incorrect home pag@pped to an incorrect search result. A reasonable baseline
is mapped to the company name. For this specific subsetno¢thod is to simply take the top-ranked search result as the
companies, the IFL classifier does best, mapping 474 (82.499mpany home page. Such an approach yields an accuracy of
companies to their home pages, while our model does so furly 50.1%. Our approach has the added benefit of being able
445 (77.4%) and 129 (22.4%) companiesZat= 0.17 and to accurately predict that there are no reliable candid&esJ
T = 0.90 respectively. However, when the IFL classifier doefor a company name.
not predict the correct home page, it maps the company to
an incorrect page. Our model tends to label companies as
not having sites rather than providing an incorrect homeepaj! C: Buckley, G. Salton, and J. Allan, “The effect of addinglevance
L . . . > information in a relevance feedback environment,Piroceedings of the
when it is uncertain of the right match. This can be seen in seventeenth Annual International ACM-SIGIR ConferenceResearch
Table II, where our models faf = 0.17 andT" = 0.90 provide and Development in Information Retrieval Springer-Verlag, 1994, pp.
an incor.reCt home page for .Only. 83 (14.4%) and 15 (2'6%)_ E é??rggg‘and R. R. Bouckaert, “Naive Bayes for text dfasstion with
companies respectively, which is less than the IFL classifi¢ " ynbalanced classes,” iRroceedings of 10th European Conference on
While our model (at the specified thresholds) has highelldeve Principles and Practice of Knowledge Discovery in Datatsa$906, pp.
of piedicting W?bSites a.s '.“issmg’ it is arguable f.m”.‘ adatﬁ] \E;.Oﬁ;\sl:e}g.shtein, “Binary Codes Capable of Correcting éeins, Inser-
quality standpoint that this is much better than having iirect tions and Reversals3oviet Physics Doklagyol. 10, p. 707, 1966.

websites. [4] A. McCallum and K. Nigam, “A comparison of event models faaive
. . . . Bayes text classification,” iPapers from the AAAI-98 Workshop on Text
The overall accuracies of our mapping algorithm are quite categorization Madison, Wi, Jul. 1998, pp. 41-48.
high relative to the IFL baseline, which has an accuracy (# P. Melville, S. Rosset, and R. Lawrence, “Customer tinge models

only 50.1% for all 947 companies Compared to our models’ using actively-selected web content’roceedings of the 14th ACM
SIGKDD International Conference on Knowledge Discoveryl &ata

78.5% and 71.8%, respectively for thresholds of 0.17 an@.0.9  jining. pp. 946-953, 2008.
Clearly, selecting the first return of a search engine is n@{ J. Rennie, L. Shih, J. Teevan, and D. Karger, “Tackling floor assump-

a viable solution for automating the process of discovering tions of naive bayes text classifiers,” Proceedings of the Twentieth
. International Conference on Machine Learning (ICML-2003003, pp.
company home pages. In contrast, our model-driven approachg;g_go3.

can perform over 56% better than this baseline, and provid@sV. Sheng, F. Provost, and P. Ipeirotis, “Get Another Li@bknproving

the added ability of being able to reject all candidate URLs Data Quality and Data Mining Using Multiple, Noisy Labelgrsn
. . Proceedings of the 14th ACM SIGKDD International Confeeeran

for a company that has no website. The IFL classifier can only ypoyiedge Discovery and Data Mining ACM, 2008, pp. 614-622.

do this in the trivial case, when a search engine returns zgp D. H. Wolpert, “Stacked generalizationNeural Networks vol. 5, pp.
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