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Presentations on:

- Population Census 2011/2021
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- List of Social Security Beneficiaries 2022
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READY FOR A GAME?

Which of the following is NOT correct:
a) Interoperability is defined as the ability to join and merge data without 

losing meaning.

b) Differences in concepts, definitions, classifications, reference periods, 
and coverage can affect the usability of administrative data sources for 
official statistics.

c) A unified identification system across multiple data sources makes data 
integration easier.

d) Confidentiality refers to the freedom from intrusion into one's personal 
information.

e) Coverage issues exist in both surveys and administrative data sources.

f) None; all of them are correct
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READY FOR A GAME?
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Which of the following is NOT defined as a dimension of
quality of official statistics?

a) Relevance

b) Accuracy and reliability

c) Timeliness and punctuality

d) Accessibility and clarity

e) Interoperability

f) Coherence and comparability

g) None; all are dimensions of quality

4634 7371



READY FOR A GAME?

Which one is NOT an advantage of integrating data for official
statistics?

a) Increases NSO’s reliance on data sources with sustainable access

b) Enables producing statistics at higher frequency with lower cost and 
response burden

c) Enhances collaboration and coordination among NSO and other data 
holders

d) Enables identifying issues and improving the quality of available data 
sources

e) None, all options are advantages.
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Methods & Tools
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What does record linkage and 
matching refer to?

Which methods are you familiar 
with?



Agenda

1. Introduction
2. Deterministic Matching
3. Probabilistic Matching
4. Software Tools
5. Other Methodological Considerations
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1. Introduction

• Data integration procedures differ in terms of the types of data sources
to be combined, the characteristics of datasets, such as the coverage and
overlapping of datasets through the data sources, the micro or macro
levels of data, the existence and usability of unique identifiers, and the
purposes of combining data.

• Data integration methods can be divided into two main groups, record
linkage methods and statistical matching methods, which, in turn, can
be further divided into several subgroups and categories from different
perspectives.
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1. Introduction

• Two records are a ‘match’ when they relate to the same unit (person/
business/ entity/ event). DI’s role is to determine which records are a
match. To differentiate the term match from other uses of the word, we
use the term ‘true match’.

• Two records are a ‘link’ if, by some process, we determine the two
records refer to the same unit. Creating links is what the data integration
process does. Ideally all true matches in the datasets would be linked,
and all links created would be true matches.

• In practice, our process may link records that are not a true match, or
fail to link two records that are a true match (see next slide)
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1. Introduction

• In practice, our process may link records that are not a true match, or fail
to link two records that are a true match
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True match True non-match
Link Correct outcome False positive link

Non-link False negative link Correct outcome

Possible linking results



1. Introduction

• Matching, record linkage, or simply ‘linking’ is the process of comparing
records and deciding which ones are links. The variables used in the
linking process are called blocking variables and linking variables,
linking fields, linking variables, or comparison variables

• The literature available on these methods is increasing, covering their
subprocesses, advantages and disadvantages, mathematical bases, and
tools. Insights on Data Integration Methodologies and chapters 5, 6 and 7
of the Statistics New Zealand Data Integration Manual 2nd Edition give
useful and detailed information about the methodological aspects of data
integration.
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https://www.istat.it/it/files/2015/04/Insights-on-Data-Integration-Methodologies.pdf
https://www.dosm.gov.my/v1/uploads/files/4_Portal%20Content/3_Methods%20%26%20Classifications/2_List%20of%20References/Dataintegrationmanual_%202ndNewZealand.pdf


1. Introduction

• The Figure on the right, taken
from CULT Project (2014), shows
the process from a statistical
point of view, beginning with two
datasets A and B and finishing
with evaluation of the matches. At
each stage, you should consider a
range of options, and the
solutions chosen depend on the
nature of the data.

14

Schematic representation of the 
record linkage process



1. Introduction

• Most common steps for automatic record linkage matching include:
 Cleaning, standardization and parsing includes all the pre-linkage data

manipulation that is necessary before actual record linkage can begin
 Blocking and indexing are methods for sorting records into manageable subgroups

(called “blocks”), to reduce the number of required field comparisons to a practical
number and improve the efficiency of the linking process.
 Reduced space refers to the subgroups of records from the two datasets that are

identified in the blocking and indexing stage. The search for links between the
datasets occurs within these reduced spaces
 Field comparison is where the values of matching variables on a pair of records

are evaluated to determine how close they are to each other. This requires
comparison functions, which have many forms of scoring to assess the likelihood of
a match between two records.
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1. Introduction

• Most common steps for automatic record linkage matching (cont’d):
 The Decision model is a set of rules that categorize pairs of records into

matches, non-matches, or possible matches based on the results of the field
comparisons and other information about the datasets. The widely used
Fellegi-Sunter rule (for probabilistic matching0, cut-off weights, and
thresholds are described in this training module, along with intuitive rules
that would be applied in clerical checking or manual linking
 Clerical review and evaluation are the final steps of the linkage process,

where the output of the rules and comparisons is measured and important
quality measures such as the rate of linkage errors are estimated.
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1. Introduction

• Consider two files, file A and file B.

• The task is to compare one record from each file and decide whether
the records should be linked.
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Two records to be compared

File A Recorded values
Name John Black
Date of birth 23-11-63
Sex M
Address 112 Hiropi Street

File B Recorded values
Name Jon Block
Date of birth 23-11-65
Sex M
Address 89 Molesworth St



2. Deterministic Matching

• In deterministic (exact) matching, the records in two datasets must
agree exactly on every character of a unique identifier (UID) to
conclude that they correspond to the same entity.

• A UID may be a single high quality variable such as a National ID
number, a tax ID, etc.,

• If there is no ID number, the UID may be several matching variables,
such as age, sex, place of residence, etc. that can be concatenated to
form a UID, but these variables may be prone to error.
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2. Deterministic Matching

• Exact matching has no uncertainty: either a pair of records agrees on the UID
or they do not. It, however, assumes that there is no error in the way the data
is recorded and captured.
 In practice, information can be missing or inaccurate, and there may be variations in

format or inaccuracies in spelling across different sources (example: JOSIE and JOCIE
and JOSE).

 For this reason, relaxations have been proposed allowing some errors to be taken into
account. For example, first and last names can be transformed into a phonetic code, or
the names can be truncated, e.g. by using the first 5 letters of a name only

 “Fuzzy matching” can be used with exact matching with a wildcard substituted for
characters, e.g. *a*a*a for banana and pajama.
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2. Deterministic Matching

• Decision rules can also be set where, if there is an agreement on most of
the matching variables, the pair will be declared a match.

• In deterministic matching, all matching variables have equal weights
associated with them, such that an agreement on sex of would have the
same contribution to the overall decision on a correct match as an
agreement on last name, although the latter should clearly contribute more
to the decision
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2. Deterministic Matching

Note : When “Deterministic Matching” is undertaken in a Civil Registration
with a census or sample survey, this allows estimation of coverage rate of a
civil registration

Survey/
Census

Civil
Registration

Yes No Total

Yes 1000 230 1230

No 120 Missing
in both

Total 1120 N

Chandrasekaran-Deming
formula

=1377257

147

Missing in 
both

?? = 27



3. Probabilistic Matching

• A probabilistic data linkage application typically involves three
stages:
 Pre-linkage: editing and data cleaning, parsing fused strings such as first

and last name or house number and street name, and standardizing
matching variables so that they have the same formats and definitions.

 Linkage: bringing pairs together for comparison and determining correct
matches, i.e. the pair belongs to the same entity.

 Post-linkage: checking residuals for the unmatched, determining error
rates and other quality indicators and carrying out analysis taking into
account linkage errors.
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3.1. The Human Approach

• Consider again this motivating example,

• When looking at two records and comparing them, the “human approach”
involves judging how likely we think that the two records refer to the
same unit. An initial impression might be that these records are for the
same person, so we seek further evidence to see if this is true

23

File A Recorded values
Name John Black
Date of birth 23-11-63
Sex M
Address 112 Hiropi Street

File B Recorded values
Name Jon Block
Date of birth 23-11-65
Sex M
Address 89 Molesworth St

TO LINK or NOT TO LINK : that is the question!



3.1. The Human Approach

 For the name field, the difference can be caused by: spelling mistake; error created when one record was 
entered; someone trying to read scrawled handwriting; or a scanning error. For the date of birth field, the 
day and month are the same, although the year is two years out, which could have a similar explanation as 
for name. The sex field agrees. If one record had ‘F’, people would likely view that as an obvious error, as 
neither John nor Jon are feminine names (although Jon may be a misspelling of Joan).

 For address, the fields do not agree at all. John may have moved between file A and file B being recorded. 
Or one file may be the home address and one the work address. Information about how these files were 
collected, for what purpose, and what the information means, would influence the quality and how much 
reliance to place on the address. 24

File A Recorded values
Name John Black
Date of birth 23-11-63
Sex M
Address 112 Hiropi Street

File B Recorded values
Name Jon Block
Date of birth 23-11-65
Sex M
Address 89 Molesworth St



3.1. The Human Approach

 Assuming the address field is unreliable and the difference is explained as a 
data quality issue, we would declare these records refer to the same person. 
However, there is the possibility that another record might be an even better 
match for one of these records. Other information can be a factor in decision 
making. For example, there might be 100,000 records with Black as a 
surname and 50,000 with Block as a surname. In such a situation, the 
chance of getting the two records in table 2 is likely. With this knowledge, 
we may decide the differences are very important, and therefore these two 
records do not refer to the same person
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File A Recorded values
Name John Black
Date of birth 23-11-63
Sex M
Address 112 Hiropi Street

File B Recorded values
Name Jon Block
Date of birth 23-11-65
Sex M
Address 89 Molesworth St



3.2. The Mathematical Approach

• Probabilistic record linkage was proposed to overcome some 
limitations of deterministic linkage, and to allow linkage in  the 
presence of recording errors and/or without using a UID. 

• The central idea is to use complex probabilistic decision rules based 
on a set of key variables that are common in the data sets to be 
integrated to be able to accept or refuse matches on a probabilistic 
basis.

• Newcome et al (1959) first proposed probabilistic methods,
suggesting that a match weight could be created to represent the
likelihood that two records are a true match, given agreement or
disagreement on a set of partial identifiers
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https://www.science.org/doi/10.1126/science.130.3381.954


3.2. The Mathematical Approach

• Fellegi and Sunter later formalized Newcombe’s proposals into the
statistical theory underpinning most probabilistic matching today.
This is now called the Felligi Sunter (FS) algorithm, which making
use of “matched” variables for a “blocking” variable (e.g., geo-
code), but involves a lot of data preparation (i.e., assessment,
cleaning), processing, extracting and review.
 An alternative form of probabilistic linkage is the Copas-Hilton method,

which uses statistical models to measure the evidence that records belong to
the same rather than different individuals
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https://courses.cs.washington.edu/courses/cse590q/04au/papers/Felligi69.pdf
https://www.jstor.org/stable/2982975


3.1. The Mathematical Approach

• When comparing two records, the approach involves comparing
each field and assigning a measure that reflects how similar they are.
This measure is called the ‘field weight’. It is calculated from two
pieces of information: the reliability and commonness of the data

The m probability

• The reliability of the data is described by the ‘m probability’ or ‘m
prob’, a measure of the trustworthiness of the data. It can be
expressed as the ‘probability of two values agreeing given that they
refer to the same unit’.
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3.2. The Mathematical Approach

The u probability

• The commonness of the value is described by the ‘u probability’ or ‘u
prob’, a measure of how likely it is that two values will agree by chance. It
is chance of two values agreeing given that the records do not relate to the
same unit
 Simply, this is a measure of relative frequency. The more common a value is, the

more likely two unrelated records are going to contain that value. Hence, the u prob
is often defined as:
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u = Pr (two values agree | the records are not a match)

Example: Sex is either male or female with about equal probability in the general population, so the u prob is 0.50. 
There are 12 months in a year, so a month of birth variable would have a u prob of 0.08. Address is usually unique, so 
the u prob is 0.01 or lower.

u = 1 / (number of different values)



3.2. The Mathematical Approach

The field weight

• From these component probabilities, we calculate a weight for the field. 
The calculation used depends on whether or not the two values in the field 
agree. If they do agree, a positive weight is generated, and if they disagree 
a negative weight is generated. The weight’s size measures the evidence 
the values provide about the record pair being a match.

and

30

agreement field weight = 𝑙𝑙𝑙𝑙𝑙𝑙2
𝑚𝑚
𝑢𝑢

disagreement field weight= 𝑙𝑙𝑙𝑙𝑙𝑙2
1−𝑚𝑚
1−𝑢𝑢

Note; The use of base 2 in the logarithm is a convention that is used in the information theory work



3.2. The Mathematical Approach

The composite weight

• Once field weights are calculated, we calculate a composite weight for the 
entire record, based on the variables examined. The composite weight for 
the record pair is simply the sum of the field weights, and is referred to as 
‘weight’ when talking about record pair weights

Note: Adding the weights is equivalent to multiplying the likelihood ratios, just as 
one would multiply independent probabilities. We assume the fields are independent 
of each other, and that errors in the fields occur independently, although this is not 
necessarily true in the real world.
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3.2. The Mathematical Approach

Example :
1) Set up the m and u probs
2) Compute the field weights

Calculating field weights

32

File A Recorded values

Name John Black

Date of birth 23-11-63

Sex M

Address 112 Hiropi Street

File B Recorded values

Name Jon Block

Date of birth 23-11-65

Sex M

Address 89 Molesworth St

File m prob u prob Agreement 
field weight

Disagreement 
field weight

Name 0.95 0.01 6.57 -4.31
Date of birth 0.9 0.01 6.49 -3.31
Sex 0.95 0.5 0.93 -3.32
Address 0.7 0.01 6.13 -1.72



3.2. The Mathematical Approach

Example : (cont’d)
3) Compare the fields

Comparing fields for agreement

4) This gives the final composite weight for this pair of records as:
(-4.31) + (-3.31) + (0.93) + (-1.72) = -8.41
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File A Recorded values

Name John Black

Date of birth 23-11-63

Sex M

Address 112 Hiropi Street

File B Recorded values

Name Jon Block

Date of birth 23-11-65

Sex M

Address 89 Molesworth St

File Agreement? Field 
weight

Name No -4.31
Date of birth No -3.31
Sex Yes 0.93
Address No -1.72

As this final weight is negative, the linking process would reject the link between the two records

• In practice, we 
allow for partial 
agreements; for 
example, a 
minor difference 
in spelling could 
generate a 
lower, but still 
positive, 
agreement 
weight.



3.2. The Mathematical Approach

Exercise: Consider the following two records
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Assume that
P(agree on characteristic Z|M) = 0.9 if Z=first name, last name, age

0.8 if Z=house number, street name, sex

P(agree on characteristic Z|U) = 0.1 if Z=first name, last name, age
0.2 if Z=house number, street name, sex

Compute the final composite weight  and the decision on linkage of records.

Name

Samantha Smith 

Sam Smith

Address

435 Main St

435 Main St

Birth year

1954

1955

Sex

M

F



3.2. The Mathematical Approach

Changing the m and u probabilities

• Figure demonstrates the effect of a changing m probability on the agreement 
and disagreement weights of a given field when the u probability is fixed. 

35

Effect of changing m prob holding u prob = 0.1 Fixing the u probability is like 
assuming that the chance of two 
records agreeing when they are not a 
true match is constant. A higher m 
probability means there is a higher 
chance that two records that are a true 
match have the same value



3.2. The Mathematical Approach

Changing the m and u probabilities

• The main feature of figure In previous slide is that the increasing m 
probability causes a disagreement to weigh more heavily against the 
possibility that a given comparison pair is a true match. A high m probability 
implies a low probability of error in a field, so there is a small chance that 
disagreeing records are a true match. 

• On the other hand, the agreement weight changes very little in this example 
graph because we have assumed that the rate of false agreements between 
records which are not true matches (the u probability) is unchanged
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3.2. The Mathematical Approach

Changing the m and u probabilities

• Consider now the opposite situation:  the m probability is held constant 
while the u probability increases. Here it is the agreement weight which is 
strongly affected.

37

Effect of changing u prob holding m = 0.9 This is because a higher u 
probability implies that there 
are more agreements which 
occur purely by chance.



3.2. The Mathematical Approach

Changing the m and u probabilities

To summarize
• As the m probability changes, the disagreement weight changes more than 

the agreement weight. 
• As the u probability changes, the agreement weight changes more than the 

disagreement weight

38



3.2. The Mathematical Approach

Notice that there are three key parameters for probabilistic data linkage, 
which are represented by the following concepts:
a) The quality of the data : represented by the m-probability 
b) The chance that the values of a matching variable will randomly agree: 

represented by the u-probability  
c) The ultimate number of true matches that exist in the database: it is 

essential that there is a sufficiently high proportion of true matches to 
ensure a successful data linkage.
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3.2. The Mathematical Approach

The m-probabilities may be defined by data analyst, or computed based on 
the data using the E-M algorithm (Dempster, Laird and Rubin 1977)
• Method for maximum likelihood estimation in problems involving 

incomplete data
 Estimates reflect the characteristics of the data dynamically 

• Record linkage will typically have more than three matching variables; 
thus, the aim of the EM algorithm is to find the “best” solution for the 
likelihood function iteratively. 

40



3.2. The Mathematical Approach

• Since linked (and non-linked) records may have false positive match (and
false negative or missed match),

41

we can define measures of 
 Sensitivity/recall—correctly matched pairs out of all true matches 
 Specificity—correctly not linking non-matches out of all true non-matches 
 Precision—correctly matched pairs out of all possible decisive links



3.2. The Mathematical Approach

42

Measures of Linkage Errors • While quantification of 
linkage error is 
important, it is also 
important to understand 
the impact of any errors 
on results. 

• The most appropriate 
linkage quality 
measures depend on
the purpose of the 
linkage and the end use
of the integrated data: 
avoiding false matches 
is important for some 
studies, whereas for 
others, a high match rate 
may be more desirable



3.2. The Mathematical Approach
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• After record linkage, need to carry out logical checks in the data for
evaluation

• Errors result from poor quality data
Recommended:
 On those pairs declared a match - carry out a small random sample and check for

accuracy in the matching status, particularly for those near the threshold cut-off
values

 On those pairs declared a non-match – carry out a small random sample and
check for accuracy in the matching status, particularly for those near the
threshold cut-off values Use the errors to compensate for linkage errors when
analyzing linked data



3.3. Composite Weights (and Thresholds)

• Using the calculated weights as evidence, the next step is to decide which 
records are links and which are non-links

44

Distribution of composite weights across all possible comparison pairs
 In a typical DI project there 

are hundreds of thousands 
of records, and millions of 
possible pairings. Most 
record pairs do not refer to 
the same unit, and thus 
more non-links than links 
are created. The distribution 
of these weights is therefore 
bimodal.



3.3. Composite Weights (and Thresholds)

Cut off Thresholds
• Once the weights are calculated, upper and lower thresholds are 

established. 
 The upper threshold is the weight above which every record pair is 

determined to be a link. There is usually only one ‘match’ per record. Other 
possible pairings can either be ignored or considered duplicate records.
 The lower threshold is the weight below which every record pair is 

determined to be a non-link.
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3.3. Composite Weights (and Thresholds)

46

Distribution of composite weights and threshold cut-offs Although record pairs are in 
reality either true matches 
or true non-matches, in the 
world of data integration, 
with imperfect/insufficient 
data, the picture isn’t so 
clear. Some true matches 
have low weights because 
of data errors or similar 
problems; some true non-
matches have high weights 
for the same reasons



3.3. Composite Weights (and Thresholds)

• DI theory does provide optimal ways to determine the threshold levels 
(Fellegi and Sunter, 1969), but these are often not feasible in practice. 

• Generally it is the person working on the data integration project who 
decides where the cut-off thresholds go. 
 This is usually done by reviewing record pairs near a likely cut-off point and making judgements 

about how the computer differentiated the pairings

• If the upper and lower thresholds are equal, this divides the set of record 
pairs cleanly into two sets. However, if they are not, then the record pairs 
with weights in between the two limits are in the ‘clerical review’ area. In 
this area, the analyst decides which record pairs are links and which are 
non-links. 
 With some statistical integration software, it is not possible to assess record pairs in a 

clerical review area. In this case, the link and non-link thresholds need to be the same.
47



3.4. Blocking

• Comparing 1,000 records with 1,000 records means that 1,000,000 
comparisons are made. With only 1,000 record pairs being a match, this 
gives 999,000 records pairs that are non-matches – these are determined 
to be non-links.

• To reduce the number of comparisons made and focus on the records that 
are more likely to be matches, records can be filtered first so only certain 
records are considered when making comparisons.
 This filtering, called ‘blocking’, is done by selecting variables to ‘block on’. Only 

records that agree on the values in those variables are compared with each other. 
For example, if we choose sex as a blocking variable, only records with the same 
value for sex are compared. This cuts out about half the comparisons required. If 
month of birth was chosen, the number of comparisons is reduced by a factor of 
12. Choosing both sex and month of birth means that 1/24th of the comparisons 
are made
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3.4. Blocking

• Figure below illustrates the reduction in comparisons where there are five 
equally sized blocks on each file

49

Record comparison process with blocking

For the motivating example, the John Black and Jon Block record pair, if sex is used as a blocking variable, 
the two records are still compared. If year of birth is used as a blocking variable, they aren’t compared



3.5. Passes

Motivating Example : (revisited)
If we chose year (of birth) to block on, the two records would not be compared. If
this was the only comparison done, then these records would never be compared.
However, we can run more than one comparison

• A ‘pass’ is an iteration of record linkage that uses a combination of blocking variables
and linking variables. In a DI project more than one pass is used to block the file in
different ways. This allows for different variable comparisons and for errors in the
blocking variables. For example, one pass might block on year of birth, and match on
name and sex. Another pass might block on sex, and match on name and address

50

File A Recorded values

Name John Black

Date of birth 23-11-63

Sex M

Address 112 Hiropi Street

File B Recorded values

Name Jon Block

Date of birth 23-11-65

Sex M

Address 89 Molesworth St



3.5. Passes

• The proper ordering of passes helps to improve both processing speed and 
the quality of the final links. Usually passes should be arranged so that 
links identified using the most specific blocking come first, and the blocks 
with fewer restrictions come last. For example, in two datasets with a 
unique identifier (missing on some records), first and last names, and 
dates of birth, we could use passes in this order:

1. Blocking on unique identifier 
2. Blocking on date of birth 
3. Blocking on first and last name 
4. Blocking on Soundex codes for first and last name.
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3.5. Passes

• In the first pass, large numbers of very high-quality links with the same 
unique identifier will be found quickly and will not interfere with 
subsequent passes

• The number of passes used should reflect how well the record linkage 
process is working and the quality and number of linking variables. In our 
projects, we have found that a few (between three and six) well-chosen 
passes will capture nearly all the reasonable-quality links that can be 
made. In some cases extra passes may be able to find a small number of 
high-quality links, but generally you should try to minimise the number of 
passes to avoid poor-quality linking. Past a certain point, there often 
simply isn’t enough information to give high-quality links and more 
passes won’t help
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3.6. Constraints on DI

• Blocking variables reduce the computational burden but increase the false 
non-match rate. 

• Matching variables increase the computational burden and manage the 
trade-off between false match and false non-match errors. 

• Multiple passes through the pairs are carried out, interchanging blocking 
and matching variables. As records are linked, they are removed from the 
input files, and therefore one can use fewer blocking variables to avoid 
the chance of false non-matches.

• Important to ensure that matching variables are not highly correlated with 
each other, since this diminishes discriminating power of the variable.

53
For example, age and year of birth should not be used together as matching variables.



4. Software Tools

• The ESSnet Statistical Methodology Project on Integration of Survey and 
Administrative Data in the “Report of WP3. Software tools for integration 
methodologies”  reviews some existing software tools for the application 
of probabilistic record linkage and statistical matching method 
 Record linkage tools: AutoMatch, Febrl, Generalized Record Linkage System 

(GRLS), LinkageWiz, RELAIS, DataFlux, Link King, Trillium Software, Link 
Plus, Record Linkage (R codes)
 Statistical matching tools: StatMatch (R code), SAM WIN, SAS code, SPlus code
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https://ec.europa.eu/eurostat/cros/content/deliverables-wp3software-di-isad-wp3_en


4. Software Tools Dense overview of data matching software properties
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• GitHub also briefly overviews 
data matching software tools, 
which are open source and/or 
freely available.

https://github.com/J535D165/data-matching-software#jedai


4. Software Tools

• In the 2020 ESCAP survey (DI-CAS), organizations were asked about the 
tools (applications and software) they use for linking and/or matching 
data. The most widely used tools (applications, software) for linking 
and/or matching were Excel, SQL, SPSS, and R

• In the Project, we will be using a tool developed for the databases we 
have that can be used flexibly for similar types of databases. 
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5. Other Methodological Considerations

• A common issue with integrated datasets is inconsistencies in the records 
linked. 
 In cases in which inconsistencies occur in records linked from two different data 

sources, it is important to know which of the two data sources is more reliable. 
 Sometimes, even the order in which the datasets are linked is important in 

determining the point from which the inconsistency arose. 
• It is expected that as the number of datasets being linked together 

increases, the potential for efficiencies in detecting and treating 
inconsistencies in records grows. This may also add to the amount of 
editing required for the linked datasets.
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5. Other Methodological Considerations

• Issues to be addressed by an editing strategy for linked datasets can be 
summarized by the ability to 

(a) edit inconsistencies from the same unit across different sources, 
(b) treat erroneous and missing variables in a record and 
(c) ensure consistency in variables across a record for a time period and 

over time.
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5. Other Methodological Considerations

• Sources of potential bias have been identified about integrating datasets. 
These include the following:
 Coverage and conceptual issues may apply for some groups of a population, so 

care should be taken in generalizing results.
 Some variables have the potential to affect the quality of linking and may be a 

source for potential bias in carrying out analysis on resulting datasets. 
Investigations on linkage rates across different subpopulations may be required.
 Using linked datasets (even for validation purposes) may result in a break in the 

data series that needs to be managed.
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5. Other Methodological Considerations

• Extreme care should be taken in backwards and forward casting of linked data, 
especially for longitudinal data. Because of data quality issues, an individual may link 
correctly in one quarter but not in another. A weight may be needed to adjust for missed 
links in linked datasets. 

• Methods to better estimate linkage errors are required to determine models appropriate 
to account for linkage errors. Linkage errors contribute to potential coverage errors in 
the resulting target population. Focus should also be placed on efforts to create statistical 
units from integrated datasets whenever external data sources have been used, because 
units may be defined differently in the external dataset. 

• Data sourced externally may be adversely affected by measurement errors. These errors 
propagate when the data are integrated with other data sources to produce a statistical 
output. Accordingly, target concepts used in a dataset sourced externally should be well 
understood before being used in the production of official statistics.
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