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Historical Record Linkage

✤ Why study historical family records?


✤ To learn about ancestors’ history


✤ To conduct prosopographical studies


✤ To understand one’s genetic heritage
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Linking Families We link families by linking records

about the same individual
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Persona Records

✤ In a historical document, each 
mention of a person is a persona


✤ A persona record is a persona and its 
related information


✤ For the persona “Rev. Ben Ezra 
Stiles Ely” we find information 
about birth, parents, spouses, 
children, etc.

Snippet from The Ely Ancestry
(Boston, Mass., ~1650-1900)

indicators of personas

indicators of

persona

records
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Information Variety

✤ Historical documents come in many formats

Snippet from Miller Funeral Home Records, (Greenville, Ohio, ~1910-1950)
5



EmpER 2021, Embley et al.

Information Variety

✤ Historical documents come in many formats

Snippet from Parish of Kilbarchan (Scotland, ~1640-1780)
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Information Variety

✤ Historical documents come in many formats

Snippet from Familienbuch des Kirchspiels Flögeln
(Lower Saxony, Germany, ~1670-1900) 7
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Challenge: Linking Intergenerational Records

✤ Given a set of persona records, what are their intergenerational linkages?


✤ Requires:


✤ Discovery of parent-child relationships among personas


✤ Discovery of which personas refer to the same person
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Example of Finding Relationships

✤ Two personas match in spite of 
having different spouses and children 
born 20 years apart


✤ Question: is there a persona 
elsewhere in this book that is fully 
consistent with the proposition that 
these two are the same?

same person?
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✤ Despite name variations, these 
two personas match

Example of Finding Relationships

same person?
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✤ Are these two “John Adam” 
personas the same person?


✤ John1 would have been about 
21 when Jean’s son was born 
(a plausible age for a first-
time father)


✤ There are MANY possible 
plausible connections

Example of Finding Relationships

same person?
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✤ It is clear in this case that Hans 
in household B024 is the same 
as Hans Böse in household 
B025


✤ Not only do marriage dates 
match, but also household 
references and other facts 
align

Example of Finding Relationships

same person!
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OntoLink: Enriched Ontologies

✤ Our system, OntoLink, uses enriched ontologies to help with the record linking task


✤ “An ontology is a formal, explicit specification of a shared conceptualization” 
[Gruber93]


✤ Conceptual model


✤ Enrichments:

✤ Linguistic grounding

✤ Pragmatic constraints

✤ Cultural normatives

✤ Evidential reasoning
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Linguistic Grounding
(syntactically extract text elements into conceptual components)

GreenQQ Acknowledgement: George Nagy, RPI 14
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Pragmatic Constraints
(semantic analysis of syntactically extracted information)

Example, a mother cannot give birth to a child after she dies:

Example, a person cannot die before being born: John Adams (1756 – i797)
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Pragmatic Constraints
(semantic analysis of syntactically extracted information)

If a potential merge of personas violates pragmatic constraints, 
OntoLink raises a red flag and rejects the merge

E.g. if a merge were to produce more than two parents, red flag => reject

16



EmpER 2021, Embley et al.

Pragmatic Constraints
(semantic analysis of syntactically extracted information)

OntoLink also flags improbability (not just 
impossibility)

merge?
E.g. if we merged these two personas, it 
would mean that Marion, christened 
24 Jan. 1662, would have been born when 
John was 10 years old — improbable!
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Pragmatic Constraints
(semantic analysis of syntactically extracted information)

OntoLink also flags merges where 
corresponding values are not close enough

Example: Mary Ann Carswell and Caroline 
Thompson Holmes both married an Ezra 
Stiles Ely, but these women are clearly not 
the same person

same spouse name

but clearly

different people
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Pragmatic Constraints
(semantic analysis of syntactically extracted information)

However, W.W. TEEGARDEN and 
TEEGARDEN, WM. WALTER do match 
despite different spellings and name-part 
orderings same person
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Cultural Normatives
(augment extracted information by inference)

We can infer a great deal if we “read between 
the lines”


If we understand cultural normatives, we can 
infer surnames of children (same as father’s 
surname, Ely, in this context)


Likewise, TEEGARDEN is CATHERINE’s 
married surname (her maiden surname is 
HERSHEY)
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Cultural Normatives
(augment extracted information by inference)

Cultural normatives and local religious 
practice strongly indicate that John Adam’s 
missing date of birth was a few weeks prior to 
his christening date

median: 3 days after birth

span: 0-56 days covers

    95% of the data
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Cultural Normatives
(augment extracted information by inference)

OntoLink standardizes the text and 
canonicalizes the text values to ease processing


E.g. dates are canonicalized as Julian date 
ranges like 1691001-1691365 for the date 1691

Locations and names are also standardized and 
canonicalized
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Evidential Reasoning

✤ We need evidential reasoning to determine which persona records to merge


✤ This is a record linkage problem


✤ Typical approach to record linkage involves:


✤ Input preparation


✤ Blocking


✤ Within-block matching

23
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Evidential Reasoning

✤ We need evidential reasoning to determine which persona records to merge


✤ This is a record linkage problem


✤ Typical approach to record linkage involves:


✤ Input preparation


✤ Blocking


✤ Within-block matching

Ontological enrichments

enhance each phase

—more extensive

—governed by shallow matching on mostly inferred info

—final matching is deep based on ontological knowledge
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Evidential Reasoning: Input Preparation

✤ Persona record has a lot of information:


✤ Extracted and standardized name, date, and location facts for birth, 
marriage, and death events


✤ Extracted and inferred “one-hop” family relationships to parents, 
spouses, and children


✤ Every lexical value is standardized (to aid identity matching) and 
canonicalized (to aid in measured closeness matching)
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Evidential Reasoning: Blocking

✤ Order persona records by description information richness (most to least)


✤ Form ordered list of equivalence classes with each equivalence class also 
ordered by persona-record richness


✤ The relationship for the equivalence class is: “is a plausible match with 
the first persona placed in the equivalence class”


✤ See our paper for details of what constitutes “plausible” (names within 
specified edit distance, overlapping birth dates, etc.)

(a.k.a. shallow-match equivalence class construction)
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Evidential Reasoning: Matching

✤ The equivalence class relationship is: “is a match”


✤ The “match” check is deep and based on two ideas:


✤ If two personas are merged, the merge makes sense semantically


✤ The evidence for the match is sufficient to yield a high level of certainty


✤ When checking a shallow-match equivalence class for deep match, 
OntoLink compares each persona pairwise with all prior personas (to 
ensure that the match relationship is reflexive, symmetric, and transitive)

(a.k.a. deep-match equivalence class construction)

See the paper for details

of “semantically reasonable”

 and “high level of certainty”
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Evidential Reasoning: Matching

✤ Example: Kilbarchan Parish

✤ Some of the John Adams shallow 
match, but none deep match

(a.k.a. deep-match equivalence class construction)

28



EmpER 2021, Embley et al.

Evidential Reasoning: Matching

✤ Example: Miller Funeral Home

✤ OntoLink matches the CATHERINE 
TEEGARDEN personas (correctly)


✤ But (incorrectly) fails to match the 
LORENE TEEGARDEN personas


✤ These personas shallow match because 
brothers align, but OntoLink only 
considers one-hop relationships, so it 
misses a vital clue (she has the same 
parents as her brothers)

(a.k.a. deep-match equivalence class construction)

29



EmpER 2021, Embley et al.

Evidential Reasoning: Matching

✤ Example: The Ely Ancestry

✤ All three personas with Ezra Stiles 
Ely in their name shallow match, 
but Rev. Ben Ezra Stiles Ely fails the 
deep-match constraint that father 
and son cannot be the same person


✤ OntoLink (correctly) places Rev. 
Ben Ezra Stiles Ely in a separate 
equivalence class

(a.k.a. deep-match equivalence class construction)
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Evidential Reasoning: Matching

✤ Example: Flögeln

✤ Resolving the references boosts 
the match confidence of Hans in 
household B024 and Hans Böse in 
household B025 because marriage 
dates and spouse names match 
identically

(a.k.a. deep-match equivalence class construction)
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Inter-Generational Family Tree Generation

✤ Personas in a deep-match equivalence class are guaranteed to be mergeable


✤ Merged personas have all the information needed to display an inter-
generational family tree as pedigree chart, German Ahnentafel, Chinese 
Jiapu, or any other desired form
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Experimental Results

✤ We ran OntoLink on Ely, Miller, Kilbarchan, Flögeln

✤ There were 34,553 persona records


✤ OntoLink inferred birth surnames for 31%, married surnames for 26%


✤ For birth dates, 34% extracted, 58% estimated, 7% unknown


✤ Shallow-match blocking generated 26,063 shallow equivalence classes
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Experimental Results

✤ Persona record shallow match equivalence classes
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Experimental Results: Matching Phase

✤ There were 31,119 deep-match equivalence classes

✤ OntoLink red-flagged 588 personas as not self-consistent and pushed 37,287 downstream 

for further processing (sometimes multiple times)

✤ 14,217 were unmergeable, 857 were red-flagged when merged, 22,213 were unconfident 

(lacking sufficient evidence to merge)

✤ Because red-flag violations are based on ontologically specified constraints, each red-flag 

violation constitutes an explanation about why two persona records cannot be merged

✤ For unconfident merges, we can generate a research plan for resolving merge questions


✤ Yellow/green-flag probabilities associated with pragmatic constraints, cultural 
normatives, and relative attribute weights indicating importance of each kind of 
missing information can guide
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Experimental Results

✤ Persona record deep match equivalence classes
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Benefit of Blocking before Matching

✤ Recall that our shallow matching is a “blocking” technique


✤ Shallow-match blocking is O(n)


✤ Deep matching is O(n2)


✤ It would have taken ~5 days to do the deep matching on Ely without first 
performing shallow-match blocking


✤ Having done the shallow-match blocking, it actually took 145 seconds to 
process Ely

37



EmpER 2021, Embley et al.

Experimental Results

✤ Persona deep match equivalence class accuracy
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Experimental Results

✤ Correctness depends on source documents being error free and OntoLink properly 
capturing and curating document-provided information


✤ For Ely, Miller, Kilbarchan we checked a random sample of three pages:


✤ F-scores after Linguistic Grounding with GreenQQ were 90%, 81%, 86%


✤ For Pragmatic Constraint identification/rectification were 97%, 87%, 92%


✤ Selected 10 random persona records for each book and found:


✤ After processing Cultural Normatives, F-scores were 98%, 98%, 98%


✤ This highlights the value of ontological semantic enrichment
39
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Value of a Ground Truth

✤ The accuracy results we reported for Flögeln depend on an extraction ground truth that was 
meticulously prepared manually


✤ This approach doesn’t scale


✤ So we did a robustness check by randomly selecting a single page (15) to prime GreenQQ 
and then ran the OntoLink pipeline under four conditions:


✤ Using the Adobe Acrobat OCR engine


✤ Using the ABBYY Fine Reader OCR engine


✤ + introducing page cleaning and OCR corrections


✤ + allowing GreenQQ to give active feedback to the human operator for tuning details
40
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Experimental Results

✤ We measured PRF scores and then repeated with another random seed page (46)


✤ GreenQQ extraction accuracy for Flögeln under various conditions:
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Experimental Results

✤ By active learning we mean that GreenQQ can detect when it has failed to 
properly extract a record

GreenQQ extracted two birthdates for Casten 
Böse, which ontologically is not allowed

Indeed, a missing name is present, “An N.N.” 
which does not match a name pattern known to 
GreenQQ

N.N. stands for Latin nomen nescio, “I do not 
know the name”

When we add a template for N.N. GreenQQ can 
extract the proper name, “An” 42
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Experimental Results

✤ Creating a ground truth can be quite hard, but the OntoLink pipeline 
performs quite well even with a much less intensive process of:


✤ Page cleaning


✤ OCR correction


✤ Markup of one page of example templates


✤ Iterative feedback to prompt for additional example templates to resolve 
obviously incorrect extractions
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Experimental Results

✤ Deep-match equivalence classes comprise a book’s family trees


✤ Deep-match equivalence class F-scores ranged from 90% to 99%


✤ OntoLink was able to automatically create inter-generational family trees 
with accuracy in the 90th percentile
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Future Work

✤ Much remains to be done:


✤ Add location information


✤ Obtain weights for our application data and determine whether these 
weights are indeed universal


✤ Improve pipeline processing


✤ Additional testing to adjust constraints, fine-tune parameters and 
thresholds
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Conclusion

✤ The results of this preliminary study are promising


✤ Evidence supports the claim that enriching an ontology with linguistic 
grounding, pragmatic constraints, cultural normatives, and evidential 
reasoning can measurably enhance the work of record linkage


✤ A contribution within the digital humanities
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