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Outline
§ Motivation
§ Classical	Fellegi-Sunter	record	linkage
§ Types	of	classical	record	linkages
§ Record	linkage	errors
§ Fellegi-Sunter	extension	for	multiple	files
§ Bayesian	methods	and	virtual	populations
§ Classical	analysis	of	effects	of	linkage	errors	on	statistical	models
§ Bayesian	extensions	for	linkage	error	analysis
§ Some	food	for	thought	from	the	Census	Longitudinal	Infrastructure	Project	
(CLIP)	data

§ Critical	take-aways
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Motivation
§ Examples	from	the	Census	Bureau	and	BLS	large-scale	linkage	
projects
§ Longitudinal	Business	Database
§ Longitudinal	ES	202	Data	
§ Longitudinal	Employer-Household	Dynamics	Infrastructure	Files
§ Census	Longitudinal	Infrastructure	Project
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Types of Record Linkage
§ Deterministic	(also	called	exact)

§ Edited,	unique	identifiers	available	on	all	files
§ Examples:	Social	Security	Numbers	(after	validation),	Employer	
Identification	Numbers	(after	validation)

§ Model-based
§ Comparison	variables	available	on	all	files	(list	may	be	incomplete)
§ Examples:	Fellegi-Sunter	probabilistic	record	linkage,	distance-based	
record	linkage,	posterior	predictive	models

5



Longitudinal Business Database

6

BR	1976

X1,1
X1,2
…

X1,j
…

X1,N1

BR	1977

X2,1
X2,2
…

X2,j
…

X2,N2

BR	1978

X3,1
X3,2
…

X3,j
…

X3,N3

BR	2014

X39,1
X39,2
…

X39,j
…

X39,N39

Adapted	from:	Jarmin	and	Miranda	(2002)



Longitudinal ES 202 from the
Bureau of Labor Statistics
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ES	202	
1990:1
X1,1
X1,2
…

X1,j
…

X1,N1

ES	202	
1990:2
X2,1
X2,2
…

X2,j
…

X2,N2

ES	202	
1990:3
X3,1
X3,2
…

X3,j
…

X3,N3

ES	202	
2016:4
X108,1
X108,2
…

X108,j
…

X108,N108

Adapted	from:	Robertson	et	al.	1997



8Source:	Abowd	and	Vilhuber	(2016)

The	Longitudinal	
Employer-
Household	
Dynamics	

Infrastructure	
File	System



9Source:	Alexander	et	al.	(2016)

Census	Longitudinal	
Infrastructure	Project



Classical Fellegi-Sunter Record Linkage
§ Based	on	Fellegi-Sunter	(1969)
§ Widely	implemented	in	national	statistical	agencies
§ Used	for	

§ Deduplication	(unduplication,	for	English	majors)
§ Frame	management
§ Coverage	estimation

§ Many	refinements,	well	summarized	in	Herzog,	Scheuren	and	
Winkler	(2007)

§ Excellent	computer	science	review	in	Christen	and	Goiser	(2007)
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Fellegi-Sunter Record Linkage

11Adapted	from:	Christen	and	Goiser	(2007)	and	Herzog,	Scheuren	and	Winkler	(2007)

𝑎" ∈ 𝐴, 𝑏' ∈ 𝐵, 𝑎𝑏) ∈ 𝐴⨂𝐵

𝐴:	𝑁.× 𝐾 + 𝐾.2

𝐵:	𝑁3× 𝐾 + 𝐾32

𝐴⨂𝐵:𝑁.𝑁3× 𝐾 + 𝐾.2 + 𝐾 + 𝐾32

Non-matches:	𝑈 ⊆ 𝐴⨂𝐵 −𝑀

Matches:	𝑀 ⊂ 𝐴⨂𝐵



Fellegi-Sunter Record Linkage II

12Adapted	from:	Christen	and	Goiser	(2007)	and	Herzog,	Scheuren	and	Winkler	(2007)

Comparator	functions:	𝛾"'
: ≡ 𝟏 : 𝑎": ≈ 𝑏': ,	𝑘 = 1,…𝐾; 		𝛾"' ∈ Γ

𝑅 ≡
𝑃𝑟 𝛾)|𝑎𝑏) ∈ 𝑀
𝑃𝑟 𝛾)|𝑎𝑏) ∈ 𝑈

Γ: 2I×𝐾

𝑅∗ ≡
𝑃𝑟 𝛾)K|𝑎𝑏) ∈ 𝑀 …𝑃𝑟 𝛾)I|𝑎𝑏) ∈ 𝑀
𝑃𝑟 𝛾)K|𝑎𝑏) ∈ 𝑈 …𝑃𝑟 𝛾)I|𝑎𝑏) ∈ 𝑈

𝑤) = 𝑙𝑜𝑔 𝑅∗



Fellegi-Sunter Record Linkage III

13Adapted	from:	Christen	and	Goiser	(2007)	and	Herzog,	Scheuren	and	Winkler	(2007)

Not	classified	(Clerical	resolution):	𝐿 < 𝑤) < 𝑇

Classifier	Match:	𝑀S ≡ 𝑤) ≥ 𝑇

Classifier	Non-match:	𝑈S ≡ 𝑤) ≤ 𝐿

False	Non-match	Rate:	𝜆 ≡ 𝑃𝑟 𝑎𝑏) ∈ 𝑈S|𝑎𝑏) ∈ 𝑀

False	Match	Rate:	𝜇 ≡ 𝑃𝑟 𝑎𝑏) ∈ 𝑀S|𝑎𝑏) ∈ 𝑈



14Source:	Herzog,	Scheuren	and	Winkler	(2007)

+		True	matches
o	=	True	Non-matches

o	=	False	Matches+	=	False	Non-
matches

TL



Bayesian Record Linkage
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𝑃𝑟 𝑎𝑏) ∈ 𝑀, 𝛾) = 𝑃𝑟 𝑎𝑏) ∈ 𝑀|𝛾) 𝑃𝑟 𝛾) = 𝑃𝑟 𝛾)|𝑎𝑏) ∈ 𝑀 𝑃𝑟 𝑎𝑏) ∈ 𝑀

𝑃𝑟 𝑎𝑏) ∈ 𝑈|𝛾) =
𝑃𝑟 𝛾)|𝑎𝑏) ∈ 𝑈 𝑃𝑟 𝑎𝑏) ∈ 𝑈

𝑃𝑟 𝛾)

𝑃𝑟 𝑎𝑏) ∈ 𝑀|𝛾) =
𝑃𝑟 𝛾)|𝑎𝑏) ∈ 𝑀 𝑃𝑟 𝑎𝑏) ∈ 𝑀

𝑃𝑟 𝛾)
= 1 − 𝑃𝑟 𝑎𝑏) ∈ 𝑈|𝛾)

Classifier	Non-match:	𝑈S ≡ 𝑃𝑟X 𝑎𝑏) ∈ 𝑀|𝛾) < 𝑃𝑟X 𝑎𝑏) ∈ 𝑈|𝛾)

Classifier	Match:	𝑀S ≡ 𝑃𝑟X 𝑎𝑏) ∈ 𝑀|𝛾) ≥ 𝑃𝑟X 𝑎𝑏) ∈ 𝑈|𝛾)



Types of Classical Record Linkages
§ Deduplication
§ Frame	updating
§ A-B	file	matching
§ Pairwise	multiple	file	matching
§ Problems	with	pairwise	multiple	file	matching
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17Adapted	from:	Christen	and	Goiser	(2007)

Data	Set	A
Cleaning	and	

Standardization

Cleaning	and	
Standardization

Blocking	or	
Indexing

Record	Pair	
Comparisons,	
except	ai

Classification

Data	Set	A

Matches,
Delete	Duplicate	
from	A	->	A*

Non-
matches

Classical	
Deduplication

Potential
Matches,

Clerical	Resolution



18Based	on:	Christen	and	Goiser	(2007)

Data	Set	A*
Cleaning	and	

Standardization

Cleaning	and	
Standardization

Blocking	or	
Indexing

Record	Pair	
ComparisonsClassification

Data	Set	B*

Matches,
Retain	A*

Non-matches,
add	to	A*

Classical
Frame	

Updating

Potential
Matches,

Clerical	Resolution



19Adapted	from:	Christen	and	Goiser	(2007)

Data	Set	A*
Cleaning	and	

Standardization

Cleaning	and	
Standardization

Blocking	or	
Indexing

Record	Pair	
ComparisonsClassification

Data	Set	B*

Matches,
Add	Data	from	

B*	to	A*

Potential
Matches,

Clerical	Resolution

Non-matches,	
Ignore	or	
Update	A*

Classical	A-B	
File	Matching



20Adapted	from:	Christen	and	Goiser	(2007)

Data	Set	A*
Cleaning	and	

Standardization

Cleaning	and	
Standardization

Blocking	or	
Indexing

Record	Pair	
ComparisonsClassification

Data	Set	C*

Matches,
Add	Data	from	

C*	to	A*

Potential
Matches,

Clerical	Resolution

Non-matches,	
Ignore	or	
Update	A*

Classical	
Multiple	File	
Matching



21Adapted	from:	Christen	and	Goiser	(2007)

Data	Set	B*
Cleaning	and	

Standardization

Cleaning	and	
Standardization

Blocking	or	
Indexing

Record	Pair	
ComparisonsClassification

Data	Set	C*

Matches,
Add	Data	from	

C*	to	B*

Potential
Matches,

Clerical	Resolution

Non-matches,	
Ignore	or	

Update	B*,	C*

Ancillary	File	
Matching



Challenges with Multiple Files
§ How	should	we	treat	the	situation	where	the	multi-file	linkage	
relation	is	non-transitive?
§ Record	a1 links	to	b1.
§ Record	b1 links	to	c1.
§ But	a1 does	not	link	to	c1.

§ Happens	frequently	in	both	business	and	household	data
§ Bayesian	methods	discussed	below	can	handle	either	case
§ Important	to	specify	the	outcome	set	correctly
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Record Linkage Errors
§ Entity	space
§ Comparison	space
§ Suggested	error	rate	measures
§ Example

23



24

Source:	Christen	and	Goiser	(2007)
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Source:	Christen	and	Goiser	(2007)

False	positives

False	negatives
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Adapted	from:	Christen	and	Goiser	(2007)

Table	1.	Confusion	matrix	of	record	pair	classification

Actual Classification

Match	(𝑀S) Non-match	(𝑈S)

Match	(𝑀)
True	match False	non-match

True	positive	(TP) False negative	(FN)

Non-match	(𝑈)
False	match True	non-match

False	positive	(FP) True negative	(TN)

Note:	defined	on	the comparison		space	(all	pairs).



27

Measure Definition Comment

Accuracy (TP+TN)/(TP+TN+FP+FN) Dominated	by	TN

Precision TP/(TP+FP) True	matches/Classified	matches

Recall	(Sensitivity,	TPR) TP/(TP+FN) True	positive	rate

Precision-Recall	Breakeven Precision	=	TPR

F-measure 2(Prec	x	Rec)/(Prec	+	Rec) Compromise	between	precision	and	recall

Specificity	(TNR) TN/(TN+FP) True	negative	rate,	dominated	by	TN

False	Positive	Rate	(FPR) FP/(TN+FP) =	1	– TNR,	also	dominated	by	TN

False	Discovery	Rate	(FDR) FP/(TP+FP) =	1	– Precision	(preferred	to	FPR)

ROC	Curve FPR	(x-axis)	v.	TPR	(y-axis) Too	optimistic

Adapted	from:	Christen	and	Goiser	(2007)
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Source:	Christen	and	Goiser	(2007)

Table	2.	Quality results	for	the	given	example

Measure Entity	space Comparison	space

Accuracy	(TP+TN)/(TP+TN+FP+FN) 94.340% 99.999994%

Precision	TP/(TP+FP) 72.222% 72.222%

Recall	(True positive	rate)	TP/(TP+FN) 92.857% 92.857%

F-measure	2(Prec	x	Rec)/(Prec	+	Rec) 81.250% 81.250%

Specificity	TN/(TN+FP) 94.565% 99.999995%

False	positive rate	FP/(TN+FP) 5.435% 0.000005%

False	discovery rate	FP/(TP+FP) 27.778% 27.778%



Fellegi-Sunter Extension for Multiple Files

§ Based	on	Sadinle	and	Fienberg	(2013)
§ Principled	way	to	extend	Fellegi-Sunter	to	multiple	files
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30

Source:	Sadinle	and	Fienberg	(2013)
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Source:	Sadinle	and	Fienberg	(2013)
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Source:	Sadinle	and	Fienberg	(2013)



Implementation of Sadinle and Fienberg 
§ Works	very	much	like	Fellegi-Sunter
§ Classifier	chooses	the	predicted	match	pattern	for	each	K-tuple	
of	records	(one	from	each	file)	using	K	agreement	indices	and	
controlling	the	error	rate	versus	unclassified	for	each	one

§ Won’t	dwell	on	these	methods,	instead	pass	directly	to	the	
Bayesian	case
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Bayesian Methods and Virtual Populations

§ Key	insight	is	that	the	population	consists	of	J	virtual	entities,	
with	J unknown

§ Specify	and	estimate	the	linkage	structure,	which	specifies	a	
posterior	probability	for	each	record	being	assigned	to	any	of	
the	J virtual	entities

§ Allows	for	errors	in	measurement	of	all	classifying	variables
§ Implemented	via	Markov	Chain	Monte	Carlo
§ Full	posterior	distribution	can	be	used	for	error	assessment
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Bayesian Multiple File Linkage

35Source:	Steorts,	Hall	and	Fienberg	(2016)

Linkage	structure:	𝜆"' = 1,… , 𝐽

Files:	𝐴", 𝑖 = 1,… , 𝐾
Data	in	file	𝑖: 	𝑥"'	1×𝑀, 𝑖 = 1,… , 𝐾; 𝑗 = 1,… ,𝑁"; ℓ=1,…,𝑀

Size	of	latent	population:	𝐽 = 1,… , ∑𝑁"�
�

Latent	data:	𝑦'	1×𝑀, 𝑗 = 1,… , 𝐽

Data	distortion	indicator:	𝑧"'ℓ = d
1, if	𝑥"'ℓ	is	distorted

0, otherwise



Bayesian Multiple File Linkage II

36Source:	Steorts,	Hall	and	Fienberg	(2016)

Posterior	predictive	distribution:	𝑃𝑟 Λ, 𝑌, 𝑍|𝑋

Maximal	Matching	Set	(MMS):	Ω 𝒜,Λ = ∑ ∏ 𝟏 𝜆"' = 𝑗′�
",' ∈𝒜 ∏ 𝟏 𝜆"' ≠ 𝑗′�

",' ∉𝒜
�
'2

Most	Probable	MMS	(MPMMS):	ℳ",' = 𝑎𝑟𝑔𝑚𝑎𝑥𝒜: ",' ∈𝒜𝑃𝑟 Ω 𝒜, Λ = 1|𝑋

Shared	MPMMS:	 𝑖, 𝑗 |∀ 𝑖, 𝑗 , 𝑖2, 𝑗2 :ℳ",'= ℳ"2,'2

𝑃𝑟X 𝜆"' = 𝜆"2'2|𝑋 =
1
𝑆~𝟏 𝜆"'

� = 𝜆"2'2
�

�

��K

Sets	of	Records:	𝒜 ≡ 𝑖, 𝑗 |𝑖 ∈ 1, . . , 𝐾 , 𝑗 ∈ 1, . . , 𝑁"	



37Adapted	from:	Steorts,	Hall	and	Fienberg	(2016,	appendix)

A1

X11
X12
X13

A2

X21
X22
X23
X24
X25

A3

X31
X32
X33
X34

Latent Entities
Y1 Y2



38Source:	Steorts,	Hall	and	Fienberg	(2016)



Classical Analysis of the Effects of
Linkage Errors on Statistical Models

§ Linkage	errors	due	to	positive	false	match	rate
§ Linkage	errors	due	to	positive	false	non-match	rate
§ Frame	errors	due	to	faulty	correspondence	between	the	linked	
data	and	the	conceptual	frame

§ Specification	errors	due	to	compromises	in	the	implementation	
of	the	linkage	model

39



Positive False Match Rate

40

Source:	Scheuren	and	Winkler	(1993)
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Source:	Scheuren	and	Winkler	(1993)
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Source:	Scheuren	and	Winkler	(1993)
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Source:	Lahiri	and	Larsen	(2005)



44Source:	Zheng	(2014)



Frame Errors
§ Example	from	Abowd,	McKinney	and	Zhao	(2018)
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46Source:	Abowd,	McKinney	and	Zhao	(2018)



47Source:	Abowd,	McKinney	and	Zhao	(2018)



48Source:	Abowd,	McKinney	and	Zhao	(2018)



Linkage Errors in the 
Business Employment Dynamics Series

§ Had	to	create	an	algorithm	to	link	establishments	across	quarters	when	the	UI	account	
number	changed.		

§ Tested	various	linkages	based	upon	different	blocking	variables:	
§ Each	linkage	led	to	different	amounts	of	job	creation	and	job	destruction	being	placed	in	the	

"expansion	and	contraction"	category	versus	the	"openings	and	closings"	category
§ Important	because	it	affected	the	answer	to	the	policy	question	of	how	much	job	creation	was	

attributable	to	entrepreneurs,	to	continuing	small	firms,	or	to	continuing	large	firms.		
§ BLS	reported	the	results	of	the	various	linkages	in	a	technical	paper

§ Key	statistics	depend	upon	"behind-the-scenes"	decisions	made	by	statisticians	in	
constructing	the	data

§ Likely	that	these	decisions	and	their	implications	are	not	clearly	communicated	to	the	
policymakers

§ Assessed	in	Robertson	et	al.	(1997)
§ Abowd	and	Vilhuber	(2005)	and	Benedetto	et	al.	(2007)	make	similar	assessments	for	

statistics	from	the	LEHD	infrastructure

49Adapted	from:	Robertson	et	al.	1997



Specification Errors
§ Large	differences	in	validation	rates	by	person	and	housing	unit	
characteristics	in	the	2009	ACS

§ The	characteristics	of	persons	the	ACS	who	can	be	linked	to	
external	data	sources	vary	considerably	from	the	full	set	of	ACS	
persons

§ Should	consider	adjusting	survey	weights	accordingly	when	
conducting	analysis

§ Changes	tested	in	the	PVS	process	for	the	2010	ACS	validation	
attenuate	the	bias	by	characteristics

50Source:	Bond	et	al.	(2014)



Bayesian Extensions for 
Linkage Error Analysis

§ The	full	posterior	distribution	is	available	(good	news)
§ Compromises	in	constructing	the	posterior	distribution	(similar	
to	the	conditional	independence	assumption	in	Fellegi-Sunter)	
can	result	in	specification	errors
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52Source:	Adapted	from	Abowd	and	Vilhuber	(2011)



53Source:	Tancredi	and	Liseo	(2015)



54Source:	Tancredi	and	Liseo	(2015)



55Source:	Tancredi	and	Liseo	(2015)



56Source:	Tancredi	and	Liseo	(2015)



Some Food for Thought from the CLIP Data

§ Successful	matches	are	very	high
§ False	match	rates	are	very	low	when	using	the	full	set	of	linking	
variables	and	passes

§ False	match	rates	can	be	troubling	when	only	a	subset	of	the	
linking	variables	are	available

§ Commercial	data	does	not	link	as	successfully	as	administrative	
records

§ There	are	no	estimates	of	the	false	non-match	rates
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Source:	Mulrow	et	al.	(2011)
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Source:	Layne,	Wagner	and	Rothhaas	(2014)



60

Source:	Layne,	Wagner	and	Rothhaas	(2014)
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Source:	Layne,	Wagner	and	Rothhaas	(2014)



Critical Take-aways
§ Consider	sensitivity	analyses	when	using	linked	data

§ Estimates	of	the	false	match	rates	
§ Use	these	to	assess	predictive	models	like	regressions
§ Address	representativeness	of	the	analysis	sample	after	linking
§ Perform	the	analysis	with	alternative	linking	strategies

§ Begin	to	experiment	with	full-scale	virtual	population	models
§ Important	for	linking	business	data	
§ Likely	important	for	linking	decennial	censuses
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References (in order of appearance)
§ To	be	completed
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Thank you

john.maron.abowd@census.gov


