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(chapter 6

Medical record linkage:
general principles and its similarity
with medical diagnosis
JB Reitsma, GJ Bonsel, SH Heisterkamp
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INTRODUCTION

The purpose of record linkage is to identify records that correspond to the
same individual without the help of a unique identification number. These
records have either been recorded in two different files, or in the same file but
at different times. In the absence of a unique and shared identification
number, other personal characteristics are needed to identify records that
belong to the same individual. The universal principle of record linkage is that
a group of partially identifying variables, each weak on their own, can become
a powerful discriminating system w h e n considered together.1"8 Some
frequently used variables in record linkage are gender, date of birth, surname
and area code.
The rationale of medical record linkage is that two or more items of
information about an entity (most often an individual) are of greater value
when considered together than either alone. The first publication mentioning
the use of record linkage in medicine can be traced back as far as 1946.9"" In the
majority of medical studies, record linkage has been used to create individual
follow-up information. Records from a file containing 'exposure or population
defining' data are linked to a file holding 'outcome events'. An illustrative
example of such a study w a s published in 1994.12 This study was carried out in
response to concern for the increased risk of testicle cancer in m e n w h o had
undergone vasectomy. Records of m e n having had vasectomy were derived
from the national hospital register. These records were subsequently linked to
records from the national cancer register to examine their risk of testicle
cancer. Long-term and costly prospective cohort studies could be avoided by
the use of existing data sources and record linkage techniques to combine
them. N o excess risk of testicle cancer w a s found. Record linkage has further
been used in the reconstruction of an episode-based register into a personbased register, in the maintenance of disease registers to prevent or recognise
double entries, in determining outcome events in clinical trials, 15 in studying
adverse events after vaccination, and to detect possible side-effects of d r u g s
in pharmaco-epidemiological studies.
One of the factors explaining the growing interest in record linkage is the
increasing number of registers that collect information about all kinds of
activities within the health care setting. 4 Combining information from several
registers or using registers to start new research can be an attractive and
efficient research option. However, the absence of a national health care
identification number in most countries, with the notable exception of
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Scandinavian countries, ' implies that researchers turn to medical record
linkage techniques to combine information from several sources.
This chapter aims to provide a basic understanding of the theory of record
linkage. The general principles of record linkage are introduced in section 6.2
and the different steps of a record linkage operation are described in section
6.3. The crucial steps of calculating weights and establishing threshold values
are reviewed in more detail in section 6.4. Section 6.5 illustrates the similarity
between the problem in medical record linkage and that in medical diagnosis.
Some concluding remarks and remaining difficulties are discussed in the final
section.
6.2

PRINCIPLES OF MEDICAL RECORD LINKAGE

General description
We start with a description of a typical record linkage operation. Suppose,
there are two files A and B, each file consisting of observations (records)
relating to a person. The purpose is to identify (link) the records in each file
that correspond to the same person. There is no unique and shared
identification number that would make the linkage operation trivial. The
personal variables that both files have in common can be used in the linkage
operation. The three lines in file A and B in figure 1 represent these so-called
linking variables. Each record in A is compared with each record in B yielding
a large number of possible record combinations to be evaluated. The total
n u m b e r of record pairs is the product of both file sizes (N„ x NB; figure 1). The
record linkage operation attempts to classify each pair as belonging to the
same individual (link) or belonging to different individuals (non-link). Two
types of errors can be m a d e (figure 2). First, records have been linked together
but do not belong to the same person (false link). Second, two records have
been judged unrelated by the linkage operation, but in reality these records
belong to the same person (false non-link). Link and non-link refer to the
classification m a d e during the linkage operation, whereas the true status of a
pair is k n o w n as match and non-match, if two records belong to the same
individual or to different individuals, respectively. The outcome of a linkage
operation can be summarised in a 2 by 2 table (figure 2).
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Files

File A

Total number of possible
combinations of records
(pairs) equals N,, x N B

Figure 1. The concept of pairs of records in record linkage.

True status

Same individual
(match)

Links

Different individuals
(non-match)

True links

False links

a

b

a+b

Linkage
outcome
Non-links

False non-links

True non-links

c

d

b+d

Figure 2. The outcome of a linkage operation.

c+d

a+b+c+d=
total no. of pairs
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Causes of error in record linkage
In the section above, w e introduced the two types of errors that can be m a d e
during record linkage: false links and false non-links. These errors are caused
21 22

by different mechanisms.
False links may occur if the number of linking variables is too small or if
the variables have too little discriminating power. The consequence is that
different persons have identical values on their linking variables. These
records cannot be distinguished during record linkage and will erroneously be
classified as links. Discriminating power is closely related to the concept of
23

administrative identification. ' In administrative identification the central
problem is: how many different variables have to be recorded in order to keep
the number persons having a similar composite code below a desirable level?
Further details on the concept of discriminating power can be found in
appendix I.
There are several reasons w h y two related records (match) are not linked
by the linkage operation, a false non-link. The most common cause is the
presence of error in one or more linking variables. Recording errors are
invariably present in large registers, which are often used in record linkage.
The amount of error varies widely between files and variables, but errors up to
5% per variable have been reported. Other potential causes of not identifying
two related records are the presence of missing values on linking variables or
true changes in the values of variables that can change over time, like area
code, physician etc.
Clerical review in record linkage
The examples in table 1 may illustrate the type of reasoning that takes place
when trying to classify pairs as links or non-links. In example I, all linking
variables agree and the probability that there is another m a n with such high
age, living in the same area code is remote. These records most likely refer to
the same person.
In example II, there are marked differences on the variables day of birth,
year of birth and postal code making it unlikely that these records belong to
the same person, despite the identical surname.
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Table 1. Clerical review of pairs of records.
Surname

Birth year

Birth month

Birth day

Gender

Postal code

Example 1
Anderson
Anderson

1899
1899

12
12

07
07

I
I

3513
3513

Example II
Anderson
Anderson

1930
1914

10
10

26
26

I
I

3641
3537

Example III
Anderson
Andersen

1925
1925

10
08

10
08

I
I

2812
2812

Example III is more complicated. There are several differences between
corresponding linking variables, which suggest that this pair is unrelated.
Closer inspection, however, reveals that an erroneous transposition of day and
month could be the reason for the difference in the date of birth. Furthermore,
the difference in surname could be explained by alternative spelling. In other
words, the two records are rather different from a logical point of view but
quite similar from a contextual point of view.
These three examples show that the h u m a n mind is very capable of judging
whether two records may relate to the same person, even if the difference at
first glance is large (see example III). It quickly recognises patterns of partial
agreement and error, thereby incorporating its knowledge about alternative
spelling, missing values and about all sorts of error. These versatile qualities
are not easily translated into a set of computer instructions. The primary
reasons, though, to perform linkage by computer are its speed and
perseverance in routine work. These computer qualities are significant given
the large number of possible combinations that has to be evaluated, even in a
linkage operation involving two files of moderate sizes.

110

Chapter 6

Based on our knowledge of discriminating power and the fact that linking
variables m a y contain errors, w e make the following statements about linkage
2

strategies:
• The rule that all linking variables need to be in perfect agreement leads to
a significant loss in the number of matches identified if errors are present.
• The rule to simply count the number of linking variables that agree is
inefficient, because some variables have more discriminating power than
others. Agreement through chance is less likely to occur for a variable with
m a n y possible values (like birth year) compared to a variable with only a
limited number of values (like gender). Consequently, the evidence in
favour of a match in case of agreement is higher for variables with more
possible values (see also appendix I).
• For a particular linking variable, the amount of evidence in favour of a
match provided by an agreement may vary depending on the value of that
variable. For example, agreement on a strange (curious) n a m e is less likely
to occur by chance than agreement on a very common n a m e (see also
appendix II).
• The amount of evidence against a match if a corresponding variable
disagrees m a y vary among different variables. Some linking variables are
more prone to error or change than others and, consequently,
disagreements among matches are more likely to occur in such variables.
The next section describes the w a y in which these statements are built into
computerised linkage strategies.
6.3

STEPS IN A COMPUTERISED LINKAGE STRATEGY

The linkage operation as a whole can be divided into five steps:
1. Pre-processing of files and variables
2. Comparison of corresponding values
3. Calculation of weights
4. Classification of pairs
5. Post-linkage activities
We briefly describe these five steps, paying particular attention to the crucial
step of the calculation of weights. In this step a quantitative measure is
calculated, summarising the evidence in favour of and against a match.
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1.
Pre-processing offiles and variables
This step consists of the preparations that have to be m a d e before the actual
comparison can take place. The pre-processing step ensures that
corresponding variables from different files are standardised and formatted in
the same manner. This step raises the quality of the subsequent comparison
step. Especially, the standardisation of names and addresses has received
24

much attention.
2.
Comparison of corresponding values
In the comparison step, the actual values on corresponding variables within
each pair are compared and an outcome is assigned. In its simplest form, the
comparison has two outcomes: corresponding values either agree or disagree.
Although more refined patterns of outcomes can have their virtues (see
appendix II), w e will only consider the simplest form of agreement.
3.
Calculation of weights
Weights are assigned to each of two possible outcomes derived from the
comparison step. These weights should reflect the amount of evidence that
was gained by either observing agreement or disagreement on that particular
variable. A natural w a y of expressing this information is by comparing the
conditional probability of agreement or disagreement among pairs that truly
belong to the same individual (matches) with the probability of observing the
same outcome among pairs that are truly unrelated (non-matches).
The weight if two values on a corresponding variable agree, is defined by:
agreement weight = log

Pr(variable agrees I matches
Pr(variable agrees I non - matches)

(1)

Different weights are calculated for each variable, acknowledging the fact that
some variables provide more information than others. Logs are taken only for
computational reasons. We will calculate weights for two different variables
(gender and birth month) to illustrate this point. If for a given pair the variable
gender agrees, the associated weight is given by:
weight = log

Pr(gender agrees I matches)
Pr(gender agrees I non - matches)

If the number of recording errors for gender is negligible, the probability of
agreement among matches will be close to 1. The probability of gender being
the same in two unrelated records corresponds to the probability of agreement
by chance. If the numbers of men and w o m e n in the two files to be linked are
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roughly the same, this probability will be close to 1/2. This leads to the
following weight if gender agrees:
f

weight = 2 log

1A 2
= log2 = l
1/2

The variable birth month can be analysed in the same way. The probability of
identical birth month among matches will again be close to 1, if error rates are
low. The probability of agreement by chance would be close to 1/12. The
weight assigned to pairs in which birth months agree equals:
weight = log

1
= ' l o g l 2 = 3.58
1/12

A higher weight is assigned to birth month in case of agreement than to
gender, as birth month has more possible values (more discriminating power)
than gender, meaning that agreement through chance occurs less frequently.
Weights in case of disagreement are calculated in a similar way. Weights are
then given by:
disagreement weight = 2 log

Pr(variable disagrees I matches)
Pr(variable disagrees I non - matches)

(2)

The numerator is directly related to the error rate associated with that
variable, whereas the denominator is again related to the probability of chance
agreement, as Pr(variable disagrees I non-matches)=l-Pr(variable agrees I nonmatches). The error rate is invariably smaller than the chance of disagreement
among unrelated pairs, leading to fraction that is below 1 and a negative log
value (weight). The following two situations may illustrate the concept of
weight in case of disagreement. If the keypunch error rate for gender is low,
for instance 1 in 3000, the weight associated with disagreement is given by:
weight = 2 log

Pr(gender disagrees I matches)
= 2 l o g f » ] =-10.55
1 - Pr(variable agrees I non - matches) J
2

11 - V J

If errors occur more frequently during the recording of birth month, for
instance 1 in 100, then disagreement will yield the following weight:
weight = 2 log

(
Pr(birth month disagrees I matches)
1/100 ^
= 2 log
= -6.52
1 - Pr(birth month agrees I non - matches)
1-1/12
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Disagreement on gender provides more information in deciding that two
records are unrelated than disagreement on birth month, because errors occur
less frequently. Consequently, the weight is more negative compared to a
variable more prone to errors.
At the end, the weights of individual variables are summarised into an
overall weight. Under the assumption of statistical independence, this overall
weight is simply the sum of the individual weights, because of the log
transformation. More information on calculating individual weights and
summarising them into an overall weight will be given in the next section.
4.
Classification of pairs
The overall weight of a pair is a reflection of the overall likelihood of a pair
belonging to the same individual after observing a pattern of agreements and
disagreements. The higher the overall weight, the more likely a pair belongs to
the same person; the more negative the weight, the more evidence that they
belong to different persons. Further details on the determination of threshold
values above and below pairs will be treated as links and non-links will be
given in the next section.
5.
Post-linkage activities
A sample of linked and non-linked pairs of records can be examined for
possible inconsistencies. If major inconsistencies are found, the original
linkage strategy can be refined or adjusted. If possible, the true status of a
subset of links and non-links can be determined by using additional
information and clerical review.
The resulting file of linked records combining the critical information of the
two files can n o w be used to answer the present research question.
Here ends the general introduction to the main principles of record linkage.
The following sections are more technical in nature and illustrate how these
principles are applied in different situations. In section 6.4, w e take a closer
look at the estimation of weights and the determination of threshold values in
situations with and without a validated sample.
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CALCULATION OF WEIGHTS AND ESTABLISHING THRESHOLD
VALUES

In the previous sections w e introduced the general principles of record
linkage. We explained the origin of the two types of error that can be m a d e
during record linkage and introduced the concept of weight. This section takes
a closer look at the crucial steps of calculating weights and establishing
threshold values.
Terminology
We will start by rephrasing the problem of record linkage in more technical
terms. ' ' There are two files A and B, in which w e want to identify those
observations that correspond to the same person. From all possible pairs of A
and B (NA x N B ), w e can define two disjoint sets M and U. A pair of records (r)
is a member of M (matched) if the two records are truly related to the same
person. Otherwise, it is member of If (unmatched). The k variables in common
can be used in the linking process, acknowledging the fact that variables
contain error. If corresponding values on variable i agree, it is denoted by
Yj = 1, and if they disagree by y, = 0 for i - l,...,k. Let m{ - Pr(y, = 1 I r e M) and
ui = Pr(y, = 1 I r e If). If for a given pair variable i agrees, the associated weight
is given by:
\
m
roj=2log
(3)
and if variable i disagrees, the weight becomes:
Wj= log

1-m,

(4)

To calculate the weights associated with agreement and disagreement, the
crucial probabilities m, and ut need to be calculated. In general, there are two
approaches. In the first approach, the true status of a sample of pairs is
determined either through clerical review or by obtaining additional
information. Such a validated sample is also k n o w n as a training set. The
weights associated with agreement and disagreement for different variables
can then directly be computed, once the true status of a sample of pairs is
known. In the other approach, the need for a validated sample is
circumvented by using the observed patterns of agreements and
disagreements in all record pairs to estimate m, and w,-. We will illustrate both
approaches.
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Validated sample or training set available
We will use the following simplified example to illustrate the principles of
calculating weights, arranging them into an overall weight, and establishing
cut-off values if a validated sample of pairs is available. The two files to b e
linked have four variables in common: surname, gender, area code and birth
year. The probabilities associated with agreement among matches and nonmatches, as observed in the validated sample, are given in table 2.
All record pairs can n o w be classified into one of sixteen (2 with k = 4)
possible patterns of agreements and disagreements of the linking variables
(see table 3). Let yp = (YUY^—'YI)
be the vector of ones (agreements) a n d zeros
(disagreements) of pattern p on variables i = \,...,k, for p = 1,...,2 . The
associated probabilities are calculated assuming independence between
variables. For instance, the probability for observing outcome pattern p — 7
(different surname, same gender, different area code, same birth year) under
true matches (M) is calculated b y 0.1*0.95*0.26*0.9=0.0222, based on the
probabilities of table 2. Likewise, the probability of observing the same
outcome among unrelated pairs (U) equals 0.94*0.5*0.75*0.2=0.0705.

Table 2. Probabilities of agreement among matches (M) and non-matches (U) and weights
associated with agreement and disagreement.
Variable i

Surname
Gender
Area code
Birth year

Probability of
agreement
among W(m-'

0.9
0.95
0.74
0.9

Probability of
agreement
among U(u{)

0.06
0.5
0.25
0.2

wi in case of
agreement

Tog
3.91
0.93
1.57
2.17

til;

wt in case of
disagreement

Tog

1 — Ttlj

1-w.

-3.23
-3.32
-1.53
-3.00
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Table 3. The 16 possible patterns of agreement and disagreement, their probabilities under
matches and non-matches, and the overall weight associated with each pattern.
p

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Comparison
vector yv

(0,0,0,0)
(0,0,0,1)
(0,0,1,0)
(0,1,0,0)
(1,0,0,0)
(0,0,1,1)
(0,1,0,1)
(1,0,0,1)
(0,1,1,0)
(1,0,1,0)
(1,1,0,0)
(0,1,1,1)
(1,0,1,1)
(1,1,0,1)
(1,1,1,0)
(1,1,1,1)

Probability under M
Pr(y p I M)

0.0001
0.0012
0.0004
0.0025
0.0012
0.0033
0.0222
0.0105
0.0070
0.0033
0.0222
0.0633
0.0300
0.2001
0.0633
0.5694

Probability under U
Pr(y'' I u)

0.2820
0.0705
0.0940
0.2820
0.0180
0.0235
0.0705
0.0045
0.0940
0.0060
0.0180
0.0235
0.0015
0.0045
0.0060
0.0015

Overall weight
' P r ( y p \My
2
log
{VT(YP \U)j
-11.08
-5.91
-7.99
-6.84
-3.94
-2.82
-1.67
1.23
-3.74
-0.85
0.30
1.43
4.32
5.47
3.40
8.57

The overall weight is the log of the ratio of the probability of observing the
pattern of agreements and disagreements (comparison vector yp) under M to
the probability of the same pattern under U. If these probabilities are similar,
then this set of outcomes has no discriminating power, and consequently the
associated weight will be zero. In other words, the overall weight is a measure
of information for discriminating between M and U, which was gained by
observing a particular pattern of outcomes. The overall weight can also be
derived from summing the individual weights of variables. For instance, the
individual weights for vector y14 are 3.91 for agreement on name, 0.93 for the
same gender, -1.53 for disagreement on area code and 2.17 for identical birth
year, adding up to an overall weight of 5.48, which is identical to the weight
provided in table 3 except for a small difference due to rounding.
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Establishing threshold values
The overall weight can be used as a test statistic for discriminating between M
(a pair of records belonging to the same individual) and U (records belonging
to different individuals). In table 4 w e have sorted the outcomes by the overall
weight. In addition, w e calculated the cumulative probability of observing
outcomes with a certain weight or below under M and under U.
There are two tests of interest. First, w e consider the test of M against U. A cutoff value of the overall weight (the test statistic) is chosen in such a w a y that if
the cumulative probability of observing yr is below a certain significance
level w e reject M. In the same way, w e can perform a test of U against M with
a significance level of beta. If the cumulative probability of observing yp
under U is below beta, w e reject U. It w e choose both alpha and beta to be 0.05,
we would classify pairs in this example with a overall weight of -0.85 or lower
as non-links, and pairs with weights with 1.23 or higher as links. Pairs falling
between those cut-off values (in this example pattern 1,1,0,0) would be
considered as unresolved links, and could be subjected to clerical review.

Table 4. The sixteen possible outcome patterns sorted by their overall weight, and the
cumulative probabilities under matches and non-matches.
Comparison
vector yv

Overall weight

(0,0,0,0)
(0,0,1,0)
(0,1,0,0)
(0,0,0,1)
(1,0,0,0)
(0,1,1,0)
(0,0,1,1)
(0,1,0,1)
(1,0,1,0)
(1,1,0,0)
(1,0,0,1)
(0,1,1,1)
(1,1,1,0)
(1,0,1,1)
(1,1,0,1)
(1,1,1,1)

-11.08
-7.99
-6.84
-5.91
-3.94
-3.74
-2.82
-1.67
-0.85
0.30

*
(!>,)

1.43
3.40
4.32
5.47
8.57

Probability
under M

Cumulative
probability
under M

Probability
under U

Cumulative
probability
under U

0.0001
0.0004
0.0025
0.0012
0.0012
0.0070
0.0033
0.0222
0.0033
0.0222
0.0105
0.0633
0.0633
0.0300
0.2001
0.5694

0.0001
0.0005
0.0030
0.0041
0.0053
0.0123
0.0157
0.0379
0.0412
0.0635
0.0740
0.1373
0.2005
0.2305
0.4306
1

0.2820
0.0940
0.2820
0.0705
0.0180
0.0940
0.0235
0.0705
0.0060
0.0180
0.0045
0.0235
0.0060
0.0015
0.0045
0.0015

1
0.7180
0.6240
0.3420
0.2715
0.2535
0.1595
0.1360
0.0655
0.0595
0^0370
0.0135
0.0075
0.0060
0.0015
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Simulation example
To check our calculations and to illustrate the use of threshold values, w e
performed a simulation study. We generated 5,000 pairs of records of which
500 were true matches. The pattern of agreement and disagreement on the
four corresponding linking variables were simulated using the probabilities
given in table 5 assuming a binomial distribution. We assigned individual
weights to the generated pattern of agreements and disagreements of all 5,000
pairs. The overall weight w a s calculated by adding u p the individual weights,
assuming statistical independence between linking variables. Using the
thresholds established above, w e considered pairs with a total weight of -0.85
or less as non-links and pairs with a total weight of 1.23 or more as links. Pairs
between these weights were labelled as indecisive. The results of the
simulation study are given in table 5.
We wanted the probability of non-links among true matches, the alpha
probability, to be 0.05. The observed probability in our simulated sample
equals 25/500=0.05, if we ignore the number of indecisive pairs. At the same
time, w e wanted the probability of assigning unmatched pairs erroneously as
links also to be 0.05. The observed probability equals 193/4,500=0.043. Hence,
these results are in line with our prior calculations.
Using table 5 w e can see that the number of false links among all 660 pairs
assigned as links was 193 (29%). This relatively high number false links,
despite a beta of 0.05, is a consequence of the large number of unmatched pairs
among all possible pairs in a linkage operation (see also next paragraph). One
way to reduce the number of false links is to increase the upper threshold
value (a weight above 1.23) before declaring pairs as links. As a consequence,
the number of indecisive pairs will increase, if the lower threshold remains the
same.

Table 5. Outcome of a linkage operation on a simulated set of record pairs based on the
probabilities of table 1 and using -0.85 and 1.23 as threshold values.
True status

Linkage outcome

Links
Indecisive
Non-links

Matched

Unmatched

467
8
25

193
113
4,194

660
121
4,219

500

4,500

5,000
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Without a validated sample
The distributions of values for a specific variable can differ significantly
between linkage operations, despite the variable being the same (for instance
gender). A different distribution means that the probability of a chance
agreement (related to ut) will be different from one linkage situation to the
other. In addition, the amount of error (related to ml ) in a particular variable
can vary between linkage operations. This implies that weights that have been
estimated for a particular variable in one situation can not automatically be
used for the same variable in another linkage operation involving two other
files. This means that weights have to be recalculated in each linkage
operation. To bypass the time and money consuming process of reviewing a
sample of record pairs to determine their true status, investigators have tried
to perform record linkage without a validated sample. '
An estimate of the probability that a variable agrees among non-matches
(u,-) can be obtained by ignoring the contribution of true matches among all
record pairs and only considering chance agreement. This assumption will
generally hold because the number of true matches is small compared to the
total number of pairs. For two files with equal file size F and with a proportion
of true matches of n, the size of M would be equal to n x Fand the size of U
equal to F2 -nxF. Consequently, estimates of the ut probabilities can be
calculated from a sample of pairs or directly from the marginal distribution in
the two files.
An estimate of the probability that a variable agrees among matches (m, ) is
more cumbersome, because it requires a priori knowledge of correctly linked
pairs. If no validated sample is available the true state of each pair remains
unknown, but estimates of m, can be obtained by analysing the observed
patterns of agreements and disagreements among all pairs. If the outcomes of
the comparisons are independent between variables, the total log likelihood
can be written as:

^niynllodnflmjHl-m.y-^+il-^llufil-u,)1-^
V

{

V i=l

(5)
i=l

J)

in which TC is the proportion of true matches among all possible record
combinations, n(yp) the number of record pairs with pattern yp, yT is the
outcome of the comparison of variable i in pattern p, for i = l,...,k and p 1,..,2'
The first part of the log likelihood stems from those pairs that are true
matches (71) which either agree (m ; ) or disagree ( l - m ; ) on i = l,...,k linking
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variables. By comparison, the contribution of non-matches (1 - n) is reflected
in the second part of equation (5). Non-matched pairs contribute u, if they
agree on a linking variable and 1 - u, if they disagree.
The n u m b e r of parameters to be estimated equals 2xk + l, namely k mi
parameters and k u% parameters and one prevalence parameter (TC). If the
observations are independent between tests, there are 2* possible combinations
of results (if w e restrict our attention to binary outcomes) for each subject. The
total number of degrees of freedom therefore is 2 - 1 . If k linking variables are
present there are 2 - 1 degrees of freedom for estimating 2xk + l parameters.
Therefore, the likelihood (without functional constraints) is overparameterised
for k less than three. For k greater than three the m a x i m u m likelihood can be
evaluated numerically. The EM algorithm has been suggested to estimate the
parameters of equation (5). This algorithm involves two steps. The
information on the true status of record pairs is considered as missing data.
These data are 'reconstructed' in the expectation step (E-step). In the
maximisation step (M-step), the m a x i m u m likelihood estimates are computed
from the reconstructed data. These values are then used to calculate improved
estimates of the true status, and the process is iterated until convergence
occurs.
6.5

SIMILARITY BETWEEN THE BASIC PROBLEM IN MEDICAL RECORD
LINKAGE AND IN MEDICAL DIAGNOSIS

The central issue in medical record linkage and in medical diagnosis is
classification. ' The aim in record linkage is to determine whether two records
belong to the same person or to different persons and in medical diagnosis
whether a patient has a particular disease or not. Because of the similarity of
the two (dichotomous) classification problems, authors have presented the
outcome of a linkage operation in the same w a y as the results of diagnostic
tests by w a y of the familiar 2 by 2 table (figure 2). Only the unit of observation
differs, being a single patient in medical diagnosis and a pair of records in
record linkage.

Medical record linkage

121

Table 6. Analogy between the problem in medical record linkage and medical diagnosis.
Characteristic

Medical diagnosis

Medical record linkage

Unit of study

Single patient

One pair of records

Disease present or absent

Belonging to the same person
or to different persons

Types of error in
classification

False positive and false
negative diagnosis

False links and false non-links

Information used in
classification

Outcome of one or more
diagnostic tests

Outcome of the comparison of
values on corresponding
variables

Classification problem

We would like to take the comparison with medical diagnosis one step further
and illustrate that the information, on which the classification is based, can be
analysed in a similar manner. The characteristics of a patient and his or her
test results are used to make a correct classification in medical diagnosis,
whereas the comparison of values from corresponding variables is the basis of
classifying pairs of records in medical record linkage. We can now rephrase
the problem in record linkage and in medical diagnosis as 'the goal is to
classify an observation (one patient; one pair of records) into one of two
mutually exclusive classes (disease present or absent; belonging to the same
person or different persons) using information (test results; corresponding
linking variables) which is imperfect'. Table 6 and figure 3 provide a general
framework for the analogy between diagnostic studies and medical record
linkage, on which w e will elaborate.
Measures of information in record linkage and medical diagnosis
As discussed before, weights are calculated in record linkage to measure the
contribution of each variable to the probability of making a correct
classification. If we consider only two levels of agreement (corresponding
values either agree or disagree), w e can define two weights. If corresponding
f

\

values agree, the weight is given by iü;= 2 log

m

values disagree, the weight becomesw,= 2 log

\ — m.
, in which
1-w i J

m,

, and if two corresponding

Pr( var i agrees I matches ) and «,. = Pr( var i agrees I non -matches).
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In medical diagnosis the results of one or more tests are used to discriminate
between the presence and absence of a disease. The properties of a test, in the
case of dichotomous test results, are usually expressed by parameters as
sensitivity, specificity and likelihood ratios. These measures are defined as
follows. The true status of a person is given by D = 1, if the person has the
disease or D = 0 if the disease is absent. A positive result for test i is denoted
by T, = 1 and a negative test result byT, = 0. Sensitivity (sens) is the probability
that a person with the disease has a positive test result, and is given by
Pr(Tj = 1 I D = 1). Specificity (spec) is the probability that a person suspected
for the disease, but not having it, has a negative test result Pr(T; = 0 I D = 0).
The likelihood ratio of a positive and negative test result is given by
^ P ^ = l l D = l ) = - g ^ and LR,H, ft<T' = ° ' ^ ^
Pr(T,- = 1 I D = 0) 1-spec,
Pr(T, = 0 I D = 0)
spec,
respectively.
We can easily rewrite the probabilities mi and w, into sensitivity and
specificity, with mi = sens, and w, = 1 - spec,. The concept of weights in record
linkage is comparable with the concept of likelihood ratios in diagnostic
testing. Figure 4 summarises the analogy between information measures in
record linkage and medical diagnosis. Because of the similarity in
classification and information measures, m a n y problems in medical record
linkage have their counterparts in medical diagnosis. A critical issue in
medical record linkage is the estimation of the m, and ui probabilities, the
counterpart of this problem in diagnostic research is the determination of test
properties in situations with or without a gold standard.
LR

i ( + )

Estimation of test properties in diagnostic research and m, and w, probabilities in
record linkage
The properties of a diagnostic test are determined in so-called diagnostic
accuracy studies. In these studies, a group of persons suspected for a disease
are all subjected to the test of interest and also to some reference test that
provides error free classification (gold standard). Sensitivity, specificity and
likelihood ratios for the test can be estimated, and can then be used in settings
with similar patients. These diagnostic accuracy studies have a similar
function as a validated sample of record pairs in record linkage. Estimates of
mi and u, can be derived from a validated (error free classification) sample of
pairs. These estimates can then be used to calculate weights for all possible
pairs.
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As discussed before, weights in record linkage usually have to be
recalculated between different linkage operations, even if the linkage variables
are the same. This feature has stimulated research of calculating weights
without a validated sample. A similar problem exists in medical diagnosis
where the properties of a specific test may vary between settings. Several
studies have shown that one has to be careful in the presentation of the
specificity and the sensitivity of a test, because test properties m a y very
according to clinical and non-clinical factors, but in particular to the severity of
the underlying disease. ' ' For other diseases no gold standard test may exist.
Therefore, several articles have provided solutions on how to estimate
sensitivity and specificity of diagnostic tests, in the absence of an error-free
classification method (without a gold standard).32"3" All calculations involve the
same log likelihood (5) which is given in the section of estimating weights
without a validated sample in record linkage.
In summary
Both record linkage and medical diagnosis can be considered as
(dichotomous) classification problems. The information used in the
classification is derived from comparing corresponding variables (in record
linkage) or diagnostic test results (in medical diagnosis). In record linkage
there is often additional, external information incorporated in the classification
process. One example thereof are linkage operations in which w e know that of
all possible pairs involving a particular record only one can be true (one to one
matching). This is for instance the case if patients from a register are linked to
a file of death records.
6.6

CONCLUDING REMARKS

In the absence of a unique identification number, other personal variables
have to be combined to identify records pertaining to the same person. One
prerequisite for successful record linkage is that the combination of all
available linking variables has sufficient discriminating power to ascertain
that the number of different persons but with identical values on their linking
variables is low enough. An estimate of the number of unrelated pairs with
identical values on a given set of variables can be m a d e by some
straightforward calculations, using the observed distribution of values on
linking variables in both files. The record linkage operation is complicated,
however, by the presence of error and by true changes in value of linking
variables (e.g. postal code d u e to moving). The rule that all variables need to
be in perfect agreement has to be relaxed in order to retrieve related records in
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which one or both records contain error. At the same time, discriminating
power is lost by relaxing the criteria, thereby increasing the likelihood of
erroneously linking two unrelated records. Record linkage is about finding the
balance between sufficient discriminative power to ensure that different
persons have different composite values, and permitting enough differences in
order to recognise related records containing error. Weights, or more
specifically likelihood ratios, are used to measure the contribution of each
linking variable in making a correct classification into links and non-links. The
individual weights are summarised in an overall weight. This overall weight is
used to establish cut-off values. Pairs with a total weight above the upper
threshold are classified as link, pairs below the lower threshold as non-links.
Pairs falling between the two cut-off values are classified as indecisive (grey
zone).
Although the principles of record linkage, as presented in this chapter, are
relatively straightforward, several critical issues and decisions remain. We will
briefly discuss the following four issues:
• The n u m b e r of outcomes to be evaluated
• The computer time required and blocking
• The assumption of independence
• The analysis of linked data files
The number of outcomes to be evaluated
Linkage programmes reduce complexity by considering only a limited set of
outcomes w h e n comparing corresponding values within a pair of records. In
its simplest form only two outcomes are assigned to each comparison:
corresponding values either agree or disagree. This reduction can be
detrimental in information-poor situations (few linking variables or variables
with limited discriminating power). Considering more outcomes than
agreement and disagreement alone offers potential benefits in the following
situations. First, in situations where the amount of evidence provided by
agreement varies depending on the actual value. Agreement on a rare value
(strange name) is less likely to occur by chance and therefore provides more
evidence in favour of a match than agreement on a more common value. An
example on h o w to incorporate such information is given in the appendix II at
the end of this chapter. Second, in situations where some errors occur more
frequently than others. These common types of error can be used as an
intermediate outcome between agreement and disagreement. For continuous
variables, like age, the following scheme of outcomes may be used: full
agreement (age identical), partial agreement (different age but the absolute
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difference is within two years), and disagreement (age differs by more than
two years). The intermediate outcome will receive a weight lying between
agreement and disagreement. In other words, pairs receive a reward for being
close but at the same time a penalty for being not in perfect agreement.
Absolute differences are not the sole basis for defining 'close' for continuous
variables. The current layout of keyboards can also be a source of errors,
known as keypad errors. Intermediate outcomes can be defined by looking at
the distance between numbers on the keyboard, acknowledging that 3, 5 and 9
are all close to 6.
Alternative spelling is important source of error in names and other string
variables. Several programmes have been developed to assure that similar
sounding names receive the same code.
The benefit of including more outcomes than agreement and disagreement
alone has to be balanced against the increase in complexity and computational
time. More outcomes also mean more weights to be estimated. Larger
validation samples may be necessary to validly estimate the increased number
of weights.
The computer time required and blocking
The total number of record pairs equals the product of the two file sizes.
Evaluating all pairs on all corresponding linking variables becomes unfeasible
in linkage operation involving files with moderate sizes, even with today's fast
computers. One w a y to reduce the amount of computational time is reducing
the number of outcomes w h e n comparing corresponding variables (see
previous paragraph).
Another w a y of reducing computational time is to lower the n u m b e r of
pairs being evaluated using a technique called blocking. 35 With this technique,
pairs are only evaluated if they agree on one or more blocking variables. The
ideal blocking variable is a variable that always agrees in two related records,
and has many different values. Blocking can greatly reduce the n u m b e r of
pairs to be evaluated. As an illustration, suppose there are two files A and B,
each with 1,000 records. The overall number of pairs to be evaluated is
1,000,000. Now, consider a linking variable with 100 possible values with a
uniform distribution in both files. This variable partitions each file in 100
subsets (blocks) consisting of 10 records. The first block contains records with
value 1, the second block records with value 2, etc. Only records from the two
files file A and B within the same block are evaluated. Per block, the number of
pairs is 10x10=100. Overall there are 100 blocks, leading to a total n u m b e r of
pairs of 100x100=10,000. In this example, blocking reduces the number of pairs
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from 1,000,000 to 10,000. The number of possible values (and their
distribution) of the blocking variable determines the gain in computation cost,
as more values will lead to more and therefore smaller blocks to be searched.
One consequence of this technique is that pairs disagreeing on the blocking
variable will automatically be classified as non-links. One w a y to overcome
this problem is to use multiple blocking stages. In the first stage, pairs are
linked using a single variable as blocking variable. Any records not linked in
the first stage enter the second stage in which another blocking variable is
used. Only related pairs that have errors in both variables will not be linked. A
third stage can be added, if necessary (when errors are frequent).
The assumption of independence
A critical assumption that has been m a d e in the calculation of the overall
weight is that information derived from different linking variables is
statistically independent. Assuming independence, the overall weight is
simply the sum of the individual weights of linking variables. This assumption
of independence is clearly violated for certain types of variables. For instance
in the situation where w e want to use both the n a m e of the general
practitioner and area code in our linkage strategy. The values of two fields are
clearly correlated, as both variables are an indicator of location. Therefore, a
disproportionate number of individuals with the same general practitioner
will have the same area code, as would be expected from the individual
frequencies alone. Ignoring dependency will grossly overestimate the amount
of information present. One w a y to handle dependency between variables is to
construct a single new variable, in which each combination of values from the
two dependent variables becomes a n e w value. More complex methods can be
applied in which the dependence between variables is taken into account. The
likelihood as presented in the previous section needs to be rewritten, leading
to more complex calculations in order to estimate the various parameters of
interest. This topic is beyond the scope of this chapter, and interested readers
o 9S yf\ ^£ "K7

are referred to other publications. '
A similar problem arises if errors among variables are related.25"36 The
methods described in this chapter also assume that errors of variables are
unrelated. This means that the presence of one error does not raise the
likelihood of additional errors in other variables. Practical knowledge about
dependency between errors within records is limited.
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The analysis of linked data files
In the majority of studies involving linked data sources, researchers have
analysed linked data in the same w a y as primary research data, thereby
ignoring the information about the level of confidence by which records have
been linked. Some researchers have started to incorporate knowledge about
the quality of the links into the post-linkage analysis.
Their strategies have
been similar to the approach in survey studies in which missing data have
been imputed.
In conclusion
The interest in medical record linkage has grown considerably since the first
publication about this topic in 1946. Faster computers, the increasing number
of registers in health care and the growing interest in longitudinal data have
all raised the interest in record linkage. More and more researchers speculate
whether record linkage would be helpful and feasible in their research
projects. Record linkage can be viewed as a dichotomous classification
problem using information that is imperfect. The art of record linkage is in
finding the balance between maximising the available discriminating power in
order to separate different individuals and allowing enough flexibility to link
related records that contain error. The core of a linkage strategy is formed by a
quantitative measure (weight) that compares the probability of an outcome
among matches with the same probability among non-matches. Obtaining
valid estimates of these probabilities is the major challenge in record linkage.
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T H E CONCEPT OF DISCRIMINATING POWER

Record linkage will fail if too m a n y different persons have the same pattern of
values on their linking variables. N o linkage strategy, h o w refined, can
identify these records as unrelated without further information. Such pairs
will become false links. Intuitively, this will happen more often if only a few
linking variables are available, or if the available linking variables are too
weak or if the number of record combinations increases. We will derive
formulas to predict the number of pairs belonging to different individuals but
yet with identical values on their linking variables. This n u m b e r can be used
to recognise situations in which record linkage will fail because of a lack of
discriminating power. '
To illustrate the concept of discriminating power w e will start with the
following basic example. Suppose, w e want to employ the variable date of
birth (without birth year) as a personal identifier in a group of students. One
of the key elements in assessing the usefulness of date of birth as an identifier
would be the number of students having a similar code (date of birth). If all
dates of birth are equally likely (365 possible values, uniform distribution), the
probability that all birthdays are different in a class of size N is given by:
365 364 363
365 - N + l 365x364x363x...x365-N + l
x
x
X...X
=
(6)
W
365 365 365
365
365N
The relationship between the number of students and this probability is
depicted in figure 4. Despite 365 different values, the probability of two
persons having the same birthday is significant, even in a group of m e d i u m
size. A group of 23 or more students is more likely than not to contain a pair
with matching birthdays.
The next step is to estimate the number persons in a group of given size
that will have an identical value. If w e consider individuals (records) in our
group (file) as a random sample (with replacement) with size N from an
infinite population in which fraction p,- has value code i, with i = \,...,k, and
k

2_,p,: = 1. The expected number of persons having an identical code is then
i=l

given by:
k

N-Nx^xil-pf'1
i=i

The estimated number includes all persons having an identical value. For
instance, if three persons are having the same code then they count as three
non-unique persons.

(7)
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Figure 4. The probability of all birthdays being on a different day as a function of group size.

Along the same line, w e can derive a formula for the number of pairs
belonging to different persons but with identical values on their linking
variables among all pairs from two files A and B. If w e consider two files with
N„ and N B records and with i possible values, with i = l,...,k. Let p, be the
probability of code i in file A and q{ the probability of the same code in file B.
A m o n g all possible pairs (NAx N„) the expected number of pairs having the
same code is given by:
NAxNBx^Pixqi

(8)

In the situation of multiple linking variables w e have to estimate the
probability of an identical composite code. Under the assumption of statistical
independence, the probability of a composite value is simply the product of
the individual probabilities. For example, three variables with 3, 60 and 2,000
possible values and a uniform distribution, can be replaced by one uniformly
distributed variable with 3x60x2,000=360,000 different values. Formula (8) can
be used to estimate the n u m b e r of false-positive links in the best imaginable
situation using all available linking variables and assuming independence
between variables. If this number is too high, more variables are needed to
successfully link the two files. If the number is below a desirable level, it does
not guarantee that record linkage will succeed. Criteria have to be relaxed in
order to retrieve matches that contain error, which effectively lowers the
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amount of discriminative power and in return increases the likelihood of falsepositive links.
One practical issue remains, how to determine the true distribution of
values among all linking variables in the overall population (p, and q{ )? One
possibility is the existence of prior knowledge about the distribution of values,
like the distribution of surnames in the Netherlands. If such knowledge does
not exist or is judged inappropriate because of the w a y in which the files were
generated, the observed frequencies of values in both files can be used to
estimate the distribution. Problems arise in situations where files have
multiple entries from one person, as the formula is based on the assumption
that multiple entries do not exist. Multiple entries can lead to a biased estimate
of the distribution of values in the population at large. Simulations studies
have shown, however, that a large n u m b e r of records from the same person
have to be present in order to bias the estimate of the n u m b e r of pairs with an
identical composite code (data not shown).
The number of different values and their distribution determine the
amount of discriminating power of a variable. The observed frequencies of
values on linking variables in the two files can be used to predict the n u m b e r
of unrelated pairs that will have identical values on a particular set of linking
variables. These calculations can be used to identify situations in which
linkage will fail d u e to insufficient discriminating power. These calculations
can be done prior to linkage operation and without any specialised software.
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APPENDIX II.

FROM GLOBAL TO VALUE-SPECIFIC WEIGHTS

If w e consider two levels of agreement, weights are defined by:
Pr(var i agrees I r e M )
m
w; =
— = —'- m case of agreement and by:
Pr(var i agrees I r e Lf )
_ Pr(var i disagrees \ r e M)
\-mi
in case of disagreement.
w,
Pr(var i disagrees I r e U)
1 - ut
These weights are called global weights because the actual value is not
taken into account. Information is lost by ignoring the actual values of
variable ;', as one can intuitively understand that agreement on a rare value
provides more information in favour of two records belonging to the same
person than agreement on a common value. To build in this information, we
could use the following scheme of outcomes: pairs disagree on variable i or
pairs agree and the value is x, for x - l,...,z, in which z is the total n u m b e r of
different values. The total number of outcomes equals 1+z: one weight for
disagreement and z possible weights for agreement. A larger sample of
validated pairs is needed to validly estimate the probability of agreement on a
specific value among matches and non-matches. Another approach is to adjust
the global weight in case of agreement by comparing the value-specific
frequency with the general frequency. The general frequency may be viewed
as a weighted mean of all specific frequencies. 4 ' This adjustment raises the
global weight in case of agreement on an unusual value and lowers the weight
in case of agreement on a common value. The adjustment factor is given is by:

adjustment in case of agreement on value x = —

(9)

in which P(x) is the (common) probability of value x in the two files to be
linked. The extent and direction of the adjustment are determined by com2

paring the general frequency, ^ P ( x ) 2 , with the value-specific frequency, P(x).
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The following basic example illustrates the working of the adjustment
procedure. Suppose, a variable has four possible values with the following
relative frequencies of occurrence: 0.1, 0.2, 0.25, and 0.45. The following
adjustment factors can be calculated using this distribution (table 7). From this
table w e can see that the global weight associated with agreement on variable i
is adjusted u p w a r d by 3.15 if pairs agree on value x-1. Likewise, the global
weight is lowered by factor 0.70 if a pair agrees on the most common value
(x=4) of variable ;'. The adjustment procedure is based on the assumption that
among related pairs the probability of agreement (in other w o r d s the
probability of error) is not greatly influenced by the value of the linking
variable. Furthermore, the probability of agreement among unrelated pairs is
adjusted to reflect the probability of a chance agreement on that particular
value.

Table 7. Converting global weights into value-specific weights by using an adjustment
factor.
Value of X,
for x-

Value-specific
frequency
P(x)

General frequency

Adjustment factor

P(x)2

±PW2
x= l

P(x)
1
2
3
4

0.1
0.2
0.25
0.45

0.01
0.04
0.063
0.203

1

0.315

Z

I

3.15
1.58
1.26
0.70
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