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Data Quality: Status

Â Pervasive problem in large databases

Â Inconsistency with reality: 2% of records obsolete in 

customer files in 1 month (deaths, name changes, etc) 

[DWI02]

Â Pricing anomalies : UA tickets selling for $5, 1GB of memory 

selling for $19.99 at amazon.com

Â Massive financial impact

Â $611B/year loss in US due to poor customer data [DWI02]

Â $2.5B/year loss due to incorrect prices in retail DBs [E00]

Â Commercial tools: specialized, rule-based, programmatic
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How are Such Problems Created?

Â Human factors

Â Incorrect data entry

Â Ambiguity during data 
transformations

Â Application factors

Â Erroneous applications 
populating databases

Â Faulty database design 
(constraints not enforced)

Â Obsolence

Â Real-world is dynamic
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Application: Merging Lists

Â Application: merge address lists 

(customer lists, company lists) 

to avoid redundancy

Â Current status: ñstandardizeò, 

different values treated as 

distinct for analysis

Â Lot of heterogeneity

Â Need approximate joins

Â Relevant technologies

Â Approximate joins

Â Clustering/partitioning



13-Aug-08 6

Application: Merging Lists

180 Park Avenue Florham Park

180 Park. Av Florham Park

180 park Ave. Florham Park NJ

Park Av. 180 Florham Park

180 Park Avenue. NY NY

180 park Av. NY

180 Park NY NY

Park Avenue, NY No. 180
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Application: Homeland Security

Â Application: correlate airline 

passenger data with homeland 

security data for no-fly lists

Â Current status: ñmatchò on 

name, deny boarding

Â Use more match attributes

Â Obtain more information

Â Relevant technologies

Â Schema mappings

Â Approximate joins
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Record Linkage: Tip of the Iceberg 

Record Linkage

Missing values

Time series anomalies

Integrity violations

Â An approximate join of R1

and R2 is 

Â A subset of the cartesian 

product of R1 and R2

Â ñMatchingò specified 

attributes of R1 and R2

Â Labeled with a similarity 

score > t > 0

Â Clustering/partitioning of R: 

operates on the approximate 

join of R with itself.
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The Fellegi-Sunter Model [FS69]

Â Formalized the approach of Newcombe et al. [NKAJ59]

Â Given two sets of records (relations) A and B perform an 

approximate join

Â A x B = {(a,b) | a ÍA, b ÍB} = M ÇU 

Â M = {(a,b) | a=b, a ÍA, b ÍB} ; matched

Â U = {(a,b) | a <> b, a ÍA, b ÍB}; unmatched

Â g(a,b) = (gi(a,b)) i=1..K  comparison vector

Â Contains comparison features e.g., same last names, same SSN, 

etc.

Â G: range of g(a,b) the comparison space.



13-Aug-08 10

The Fellegi-Sunter Model

Â Seeking to characterize (a,b) as

Â A1 : match ; A2 : uncertain ; A3 : non-match

Â Function (linkage rule) from Gto {A1 A2 A3}

Â Distribution D over A x B

Â m (g) = P(g(a,b) | (a,b) ÍM}

Â u  (g) = P(g(a,b) | (a,b) ÍU} 
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Fellegi-Sunter Result

Â Sort vectors gby m (g)/u (g) non increasing order; choose n < nô

Â m=                                    l= 

Â Linkage rule with respect to minimizing P(A2), with P(A1|U) = 

mand P(A3|M) = lis

Â g1,éé.é,gn,gn+1,ééé.,gnô-1,gnô,ééé.,gN

Â A1 A2 A3         

Â Intuition

ÁSwap i-th vector declared as A1 with j-th vector in A2

ÁIf u(gi) = u(gj) then m(gj) < m(gI) 

ÁAfter the swap, P(A2) is increased
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Fellegi-Sunter Issues:

Â Tuning:

Â Estimates for m (g), u (g) ?

Â Training data: active learning for M, U labels

Â Semi or un-supervised clustering: identify M U clusters

Â Setting m, l?

Â Defining the comparison space G?

Â Distance metrics between records/fields

Â Efficiency/Scalability

Â Is there a way to avoid quadratic behavior (computing all 

|A|x|B| pairs)?
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Classification of the measures

Soundex,
Levenshtein/edit distance
Jaro/Jaro-Winkler

Tf-idf-Cosine similarity
Jaccard Coefficient
Probabilistic models

FMS

Fellegi-SunterEdit Based Token based

Hybrids
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Attribute Standardization

Â Several attribute fields in relations have loose or anticipated structure:

Â Addresses, names

Â Bibliographic entries (mainly for web data)

Â Preprocessing to standardize such fields

Â Enforce common abbreviations, titles

Â Extract structure from addresses

Â Part of ETL tools, commonly using field segmentation and dictionaries

Â Recently machine learning approaches

Â HMM encode universe of states [CCZ02]
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Field Similarity

Â Application notion of ófieldô

Â Relational attribute, set of attributes, entire tuples.

Â Basic problem: given two field values quantify their ósimilarityô 

(wlog) in [0..1].

Â If numeric fields, use numeric methods.

Â Problem challenging for strings.
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Soundex Encoding 

Â A phonetic algorithm that indexes names by their sounds when 

pronounced in english.

Â Consists of the first letter of the name followed by three numbers. 

Numbers encode similar sounding consonants.

Â Remove all W, H

Â B, F, P, V encoded as 1, C,G,J,K,Q,S,X,Z as 2

Â D,T as 3, L as 4, M,N as 5, R as 6, Remove vowels

Â Concatenate first letter of string with first 3 numerals

Â Ex: great and grate become 6EA3 and 6A3E and then G63

Â More recent, metaphone, double metaphone etc.
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Edit Distance [G98]

Â Character Operations: I (insert), D (delete), R (Replace).

Â Unit costs.

Â Given two strings, s,t, edit(s,t):

Â Minimum cost sequence of operations to transform s to t.

Â Example: edit(Error,Eror) = 1, edit(great,grate) = 2

Â Folklore dynamic programming algorithm to compute edit(); 

Â Computation and decision problem: quadratic (on string length) in the 

worst case.
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Edit Distance

Â Several variants (weighted, block etc) -- problem can become NP-
complete easily.

Â Operation costs can be learned from the source (more later)

Â String alignment = sequence of edit operations emitted by a 
memory-less process [RY97]. 

Â Observations

Â May be costly operation for large strings

Â Suitable for common typing mistakes

Â Comprehensive vs Comprenhensive

Â Problematic for specific domains

Â AT&T Corporation vs AT&T Corp

Â IBM Corporation vs AT&T Corporation
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Edit Distance with affine gaps

Â Differences between óduplicatesô often due to abbreviations or 
whole word insertions.

Â John Smith vs John Edward Smith vs John E. Smith

Â IBM Corp. vs IBM Corporation

Â Allow sequences of mis-matched characters (gaps) in the 
alignment of two strings.

Â Penalty: using the affine cost model

Â Cost(g) = s+e Öl 

Â s: cost of opening a gap

Â e: cost of extending the gap

Â l: length of a gap

Â Commonly e lower than s

Â Similar dynamic programming algorithm
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Jaro Rule [J89]

Â Given strings s = a1,é,ak and t = b1,é,bL ai in s is common to a 
character in t if there is a bj in t such that ai = bj i-H ¢j ¢i+H 
where

Â H = min(|s|,|t|)/2

Â Let sô = a1ô,é,akôô and tô = b1ô,é,bLôô characters in s (t) common 
with t (s)

Â A transposition for sô,tô is a position i such that aiô <> biô.

Â Let Tsô,tôbe half the number of transpositions in sô and tô.
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Jaro Rule

Â Jaro(s,t) = 

Â Example:

Â Martha vs Marhta

Â H = 3, sô = Martha, tô = Marhta, Tsô,tô= 1

Â Jaro(Martha,Marhta) = 0.9722

Â Jonathan vs Janathon

Â H = 4, sô = jnathn, tô = jnathn, Tsô,tô= 0

Â Jaro(Jonathan,Janathon) = 0.5

 

1
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| s'|
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Jaro-Winkler Rule [W99]

Â Uses the length P of the longest common prefix of s and t; Pô = 

max(P,4)

Â Jaro-Winkler(s,t) = 

Â Example:

Â JW(Martha,Marhta) = 0.9833

Â JW(Jonathan,Janathon) = 0.7

Â Observations:

Â Both intended for small length strings (first,last names)

 

Jaro(s,t)+
P'

10
(1-Jaro(s,t))
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Term (token) based

Â Varying semantics of ótermô

Â Words in a field

Â óAT&T Corporationô -> óAT&Tô , óCorporationô 

Â Q-grams (sequence of q-characters in a field)

Â {óAT&ô,ôT&Tô,ô&T ó, óT Cô,ô
Coô,ôorpô,ôrpoô,ôporô,ôoraô,ôratô,ôatiô,ôtioô,ôionô} 3-grams

Â Assess similarity by manipulating sets of terms.
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Overlap metrics

Â Given two sets of terms S, T

Â Jaccard coef.: Jaccard(S,T) = |SÆT|/|SÇT|

Â Variants

Â If scores (weights) available for each term (element in the 

set) compute Jaccard() only for terms with weight above 

a specific threshold.

Â What constitutes a good choice of a term score?
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TF/IDF [S83]

Â Term frequency (tf) inverse document frequency (idf).

Â Widely used in traditional IR approaches.

Â The tf/idf value of a ótermô in a document:

Â log (tf+1) * log idf where

Â tf : # of times ótermô appears in a document d

Â idf : number of documents / number of documents 

containing ótermô 

Â Intuitively: rare ótermsô are more important
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TF/IDF

Â Varying semantics of ótermô

Â Words in a field

Â óAT&T Corporationô -> óAT&Tô , óCorporationô 

Â Qgrams (sequence of q-characters in a field)

Â {óAT&ô,ôT&Tô,ô&T ó, óT Cô,ô 

Coô,ôorpô,ôrpoô,ôporô,ôoraô,ôratô,ôatiô,ôtioô,ôionô} 3-grams

Â For each ótermô in a field compute its corresponding tfidf score 

using the field as a document and the set of field values as the 

document collection.
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Probabilistic analog (from FS model)

Â Ps(j) : probability for j in set S

Â gj : event that values of corresponding fields are j in a random 
draw from sets A and B

Â m (gj) = P(gj|M) = PAÆB(j)

Â u (gj)  = P(gj|U) = PA(j)PB(j)

Â Assume PA(j) = PB(j) = PAÆB(j)

Â Provide more weight to agreement on rare terms and less 
weight to common terms

Â IDF measure related to Fellegi-Sunter probabilistic notion:

Â Log(m(gstr)/u(gstr)) = log(PAÆB(str)/PA (str)PB (str)) =
log(1/PA(str)) = IDF(str)
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Cosine similarity

Â Each field value transformed via tfidf weighting to a (sparse) vector of 

high dimensionality d.

Â Let a,b two field values and Sa, Sb the set of terms for each. For w in 

Sa (Sb), denote W(w,Sa) (W(w,Sb))  its tfidf score.

Â For two such values:

Â Cosine(a,b) = 

 

W(z,Sa)W(z,Sb)
zÍSaÆSb

ä
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Cosine similarity

Â Suitable to assess closeness of

Â óAT&T Corporationô, óAT&T Corpô or óAT&T Incô

ÁLow weights for óCorporationô,ôCorpô,ôIncô

ÁHigher weight for óAT&Tô

ÁOverall Cosine(óAT&T Corpô,ôAT&T Incô) should be high

Â Via q-grams may capture small typing mistakes

ÁóJaccardô vs óJacardô -> {óJacô,ôaccô,ôccaô,ôcarô,ôardô} vs 
{óJacô,ôacaô,ôcarô,ôardô}

ÁCommon terms óJacô, ócarô, óardô would be enough to result 
in high value of Cosine(óJaccardô,ôJacardô).
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Hybrids [CRF03]

Â Let S = {a1,é,aK}, T = {b1,ébL} sets of terms:

Â Sim(S,T) =

Â Simô() some other similarity function 

Â C(t,S,T) = {wÍS s.t $v ÍT, simô(w,v) > t}

Â D(w,T) = maxvÍTsimô(w,v), w ÍC(t,S,T)

Â sTFIDF = 

)b,a('max
1

ji
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K
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Other choices for term score? 

Â Several schemes proposed in IR

Â Okapi weighting

Â Model within document term frequencies as a mixture of 
two poisson distributions: one for relevant and one for 
irrelevant documents

Â Language models

Â Given Q=t1,...tn estimate p(Q|Md)

Â MLE estimate for term t : p(t|Md) = tf(t,d)/dld
Ádld:total number of tokens in d

Â Estimate pavg(t)

Â Weight it by a risk factor (modeled by a geometric 
distribution)

Â HMM
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Fuzzy Match Similarity [CGGM03]

Â Sets of terms S, T

Â Main idea: cost of transforming S to T, tc(S,T).

Â Transformation operations like edit distance.

Â Replacement cost: edit(s,t)*W(s,S)

Â Insertion cost: cins W(s,S) (cins between 0,1)

Â Deletion cost: W(s,S)

Â Computed by DP like edit()

Â Generalized for multiple sets of terms
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Fuzzy Match Similarity

Â Example

Â óBeoing Corporationô,ôBoeing Companyô

Â S = {óBeoingô,ôCorporation}, T = {óBoeingô,Companyô}

Â tc(S,T) = 0.97 (unit weights for terms)

Â sum of 

Áedit(óBeoingô,ôBoeingô) = 2/6 (normalized)

Áedit(óCorporationô,Companyô) = 7/11
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Fuzzy Match Similarity

Â W(S) = sum of W(s,S) for all s ÍS

Â fms = 1-min((tc(S,T)/W(S),1)

Â Approximating fms:

Â For s ÍS let QG(s) set of qgrams of s

Â d= (1-1/q)

Â fmsapx = 

Â For suitable d, eand size of min hash signature

Â E(fmsapx(S,T)) ²fms(S,T)

Â P(fmsapx(S,T) ¢(1-d)fms(S,T)) ¢e
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Multi -attribute similarity measures

Â Weighted sum of per attribute similarity

Â Application of voting theory

Â Rules (more of this later)
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Voting theory application [GKMS04]

Â Relations R with n attributes.

Â In principle can apply a different similarity function for each pair 

of attributes into consideration.

Â N orders of the relation tuples, ranked by a similarity score to a 

query.
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Voting Theory 

Tuple id                 custname                  address                       location
T1                      John smith         800 Mountain Av springfield     5,5
T2                      Josh Smith         100 Mount Av Springfield         8,8
T3                      Nicolas Smith      800 spring Av Union              11,11
T4                      Joseph Smith      555 Mt. Road Springfield          9,9
T5                      Jack Smith          100 Springhill lake Park           6,6

Query: John smith          100 Mount Rd. Springfield        5.1,5.1

T1 (1.0)
T2 (0.8)
T5 (0.7)
T4 (0.6)
T3 (0.4)

T2 (0.95)
T1 (0.8)
T4 (0.75)
T3 (0.3)
T5 (0.1)

T1 (0.95)
T5 (0.9)
T2 (0.7)
T4 (0.6)
T3 (0.3)

custname address location
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Voting theory application

Â Merge rankings to obtain a consensus

Â Foot-rule distance

Â Let S,T orderings of the same domain D

Â S(i) (T(i)) the order position of the i-th element of D in S (T)

Â F(S,T) = 

Â Generalized to distance between S and T1,..Tn

Â F(S,T1,..Tn) = 

 

|S(i)-T(i) |
iÍD

ä

 

F(S,Ti)
j=1

n

ä
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Historical timeline

1901 1918 1951 1969 1983/9 1999 2003

Jaccard
coefficient

Soundex
encoding

Levenshtein/edit
distance

Fellegi
Sunter

Tf/Idf ïCosine
similarity

Winkler

FMS

1965

KL Divergence

Jaro
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Learning similarity functions

Â Per attribute

Â Term based (vector space)

Â Edit based

Â Learning constants in character-level distance measures 
like levenshtein distances

Â Useful for short strings with systematic errors (e.g., 
OCRs) or domain specific error (e.g.,st., street)

Â Multi-attribute records

Â Useful when relative importance of match along different 
attributes highly domain dependent

Â Example: comparison shopping website

Â Match on title more indicative in books than on 
electronics

Â Difference in price less indicative in books than 
electronics
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Learning Distance Metrics [ST03]

Â Learning a distance metrics from relative comparisons:

Â A is closer to B than A is to C, etc

Â d(A,W) (x-y) = 

Â A can be a real matrix: corresponds to a linear transform of 
the input

Â W a diagonal matrix with non-negative entries (guarantees d 
is a distance metric)

Â Learn entries of W such that to minimize training error

Â Zero training error:

Â "(i,j,k) eTraining set: d(A,W)(xi,xk)-d(A,W)(xi,xk) > 0

Â Select A,W such that d remains as close to an un-weighted 
euclidean metric as possible.

 

 

(x-y)T AWA T (x-y)
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Learnable Vector Space Similarity

Â Generic vector space similarity via tfidf

Â Tokens ó11thô and ósquareô in a list of addresses might have 

same IDF values

Â Addresses on same street more relevant than addresses on 

a square..

Â Can we make the distinction?

Â Vectors x,y, Sim(x,y) = 

Â Training data:

Â S = {(x,y): x similar y}, D = {(x,y) x different y}

 

xiyi

||x ||||y ||i=1

d

ä
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Learnable Vector Space Similarity

7

walmer

road

toronto

ontario

on

x1

x2

x3

x4

x5

x6

y1

y2

y3

y4

y5

y6

x1y1

x2y2

x3y3

x4y4

x5y5

x6y6

7 walmer road toronto ontario

7 walmer road toronto on       

S

D

P(x,y)

f(p(x,y))

 

sim(x,y) =  
f(p(x,y) -  fmin

fmax -  fmin



13-Aug-08 46

Learning edit distance parameters

Â Free to set relative weights of operations

Â May learn weights from input [RY97] using an EM approach.

Â Input: similar pairs

Â Parameters: probability of edit operations

Â E: highest probability edit sequence

Â M: re-estimate probabilities using expectations of the E step

Â Pros: FSM representation (generative model)

Â Cons: fails to incorporate negative examples

Â [BM03] extend to learn weights of edit operations with affine 
gaps

Â [MBP05] use CRF approach (incorporates positive and negative 
input)
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Learning edit parameters using 

CRFs
Â Sequence of edit operations

Â Standard character-level: Insert, Delete, Substitute

Â Costs depends on type: alphabet, number, punctuation

Â Word-level: Insert, Delete, Match, Abbreviation

Â Varying costs:  stop words (Eg: The), lexicons (Eg: 
Corporation, Road)

Â Given: examples of duplicate and non-duplicate strings

Â Learner: Conditional Random Field

Â Allows for flexible overlapping feature sets

Â Ends with a dot and appears in a dictionary

Â Discriminative training ~ higher accuracy than earlier 
generative models
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Non-match states

Match states

CRFs for learning parameters

Â State and transition parameters for match and non-match states

Â Multiple paths through states summed over for each pair

Â EM-like algorithm for training.

Initial

W-M-lexicon C-D-punct W-D-stop W-Abbr

W-drop W-insert

1 -0.2 -0.3

4

-1.0 -1
-0.5

W-M-lexicon C-D-punct W-D-stop W-Abbr

W-drop W-insert

-0.1 0.2 0.3

1.0 1 0.5

-1

Proc. of SIGMOD

Proc Sp. Int. Gr Management of Data 
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Results

(McCallum, Bellare, Pereira EMNLP 2005)

Earlier generative 

approach (BM03)

Word-level only, 

no order

Â Edit-distance is better than word-level measures

Â CRFs trained with both duplicates and non-duplicates better 
than generative approaches using only duplicates

Â Learning domain-specific edit distances could lead to higher 
accuracy than manually tuned weights

Initialized with 

manual weights

Citations
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Learning similarity functions

Â Per attribute

Â Term based (vector space)

Â Edit based

Â Learning constants in character-level distance measures like 

levenshtein distances

Â Useful for short strings with systematic errors (e.g., OCRs) or 

domain specific error (e.g.,st., street)

Â Multi-attribute records

Â Useful when relative importance of match along different attributes 

highly domain dependent

Â Example: comparison shopping website

Â Match on title more indicative in books than on electronics

Â Difference in price less indicative in books than electronics
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Multi Attribute Similarity

f1 f2 éfn
Record 1   D 
Record 2

Record 1   N
Record 3

Record 4   D
Record 5

1.0  0.4  é 0.2   1

0.0  0.1  é 0.3   0

0.3  0.4  é 0.4   1

Mapped examples

Classifier

Record 6  
Record 7
Record 8 
Record 9
Record 10
Record 11

Unlabeled list
0.0  0.1  é 0.3   ?
1.0  0.4  é 0.2   ?
0.6  0.2  é 0.5   ?
0.7  0.1  é 0.6   ?
0.3  0.4  é 0.4   ?
0.0  0.1  é 0.1   ?
0.3  0.8  é 0.1   ?
0.6  0.1  é 0.5   ?

0.0  0.1  é 0.3   0
1.0  0.4  é 0.2   1
0.6  0.2  é 0.5   0
0.7  0.1  é 0.6   0
0.3  0.4  é 0.4   1
0.0  0.1  é 0.1   0
0.3  0.8  é 0.1   1
0.6  0.1  é 0.5   1

AuthorTitleNgrams ¢0.4

AuthorEditDist¢0.8

YearDifference > 1

All-Ngrams ¢0.48Non-Duplicate 

Non Duplicate 

Duplicate TitleIsNull < 1

PageMatch ¢0.5

Non-Duplicate 

Duplicat

e 

Duplicate 

Duplicate 

Similarity 
functions

All-Ngrams*0.4 + AuthorTitleNgram*0.2

ï0.3YearDifference + 1.0*AuthorEditDist

+ 0.2*PageMatch ï3 > 0

Learners:

Support Vector Machines (SVM)

Logistic regression, 

Linear regression,

Perceptron
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Learning approach

Â Learners used:

Â SVMs: high accuracy with limited data, 

Â Decision trees:interpretable, efficient to apply

Â Perceptrons: efficient incremental training (Bilenko et al 
2005, Comparison shopping)

Â Results:

Â Learnt combination methods better than both

ÂAveraging of attribute-level similarities

ÂString based methods like edit distance 
(Bilenko et al 2003)

Â Downside 

Â Creating meaningful training data a huge effort
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Training data for learning approach

Â Heavy manual search in preparing training data

Â Hard to spot challenging/covering duplicates in large 
lists

Â Even harder to find close non-duplicates  that will 
capture the nuances

Â Need  to seek out rare forms of errors in data

Â A solution from machine learningČActive learning

Â Given 

ÂLots of unlabeled data Č pairs of records

ÂLimited labeled data
Â Find examples most informative for classification

ÂHighest uncertainty of classification from 
current data



13-Aug-08 54

The active learning approach

f1 f2 éfn

Similarity functions

Record 1   D 
Record 2

Record 3   N
Record 4

1.0  0.4  é 0.2   1

0.0  0.1  é 0.3   0

Committee
of

classifiers

Record 6  
Record 7
Record 8 
Record 9
Record 10
Record 11

Unlabeled list 0.0  0.1  é 0.3   ?
1.0  0.4  é 0.2   ?
0.6  0.2  é 0.5   ?
0.7  0.1  é 0.6   ?
0.3  0.4  é 0.4   ?
0.0  0.1  é 0.1   ?
0.3  0.8  é 0.1   ?
0.6  0.1  é 0.5   ?

0.7  0.1  é 0.6   1
0.3  0.4  é 0.4   0

Active 
Learner

0.7  0.1  é 0.6   ?
0.3  0.4  é 0.4   ?

 

Picks highest disagreement records
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Active learning algorithm

Â Train k classifiers C1, C2,.. Ck on training data through

Â Data resampling, 

Â Classifier perturbation

Â For each unlabeled instance x

Â Find prediction y1,..,  yk from the k classifiers

Â Compute uncertainty U(x) as entropy of above y-s

Â Pick instance with highest uncertainty



13-Aug-08 58

Benefits of active learning

Â Active learning much better than random 

Â With only 100 active instances

Â 97% accuracy,  Random only 30%

Â Committee-based selection close to optimal
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Learning: beyond paired 0/1 

classification
Â Exploiting monotonicity between attribute similarity and class 

label to learn better

Â A Hierarchical Graphical Model for Record Linkage 

(Ravikumar, Cohen, UAI 2004)

Â Exploiting transitivity to learn on groups

Â T. Finley and T. Joachims, Supervised Clustering with 

Support Vector Machines, Proceedings of the International 

Conference on Machine Learning (ICML), 2005.
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Outline

Â Part I: Motivation, similarity measures (90 min)

Â Data quality, applications

Â Linkage methodology, core measures

Â Learning core measures

Â Linkage based measures

Â Part II: Efficient algorithms for approximate join (60 min)

Â Part III: Clustering algorithms (30 min)
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Similarity based on linkage pattern

P1 D White,  A Gupta

P2 Liu, Jane & White, Don

P3 Anup Gupta and Liu Jane

P4 David White

Relate D White and Don White through

the third paper

Lots of work on node similarities in graph 

Åsim-rank, conductance models, etc

RelDC (Kalashnikov et al 2006)

P1

P2

P3

P4

Anup Gupta
A Gupta

White, Don

Liu Jane
Jane, Liu

David White

Path in graph makes D White 
more similar to Don White 
than David WhiteD White
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RelDC: Example with multiple entity types

(From: Kalashninov et al 2006)

Path through co-
authorship

Path through co-
affiliation

Task: resolve author references in papers to author table


