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1. INTRODUCTION

A major approach to the measurement of re-
sponse errors is by record checks, or validation
studies, in which survey responses are compared
on a case-by-case basis with more-or-less accu-
rate records. An important, though often un-
recognized, obstacle to the usefulness and correct
interpretation of record checks is the existence
of matching errors. Matching erors arise when
responses pertaining to one person (or family,
organization, etc.) are incorrectly associated
with and compared with record data pertaining to
a different person. The impact of such matching
errors on the measurement of response errors con-
stitutes the core of this article.

An example will clarify the meaning of both
record check and matching error. In the finan-
cial area one might undertake a record check
study to measure the accuracy with which bank ac-
count balances are reported by their owners in
sample surveys. The design of such a study --
and the following description conforms roughly to
a study actually being carried out by the Bureau
of the Census -- might be quite straightforward:
(1) Do a probability sample of bank accounts from
bank records; (2) Interview owners of sample ac-
counts, asking them to provide complete informa-
tion regarding each of the bank accounts they own;
(3) Compare information obtained in response to
survey questions on an account-by-account basis
with information in bank records.

For this design, matching errors (also called
"mismatches'') may arise in several ways: (1) the
wrong person (not the owner of the sample account)
is interviewed; (2) a bank clerk records the wrong
bank balance (the balance of Account #53402 rather
than of Account #53401); (3) analysts mistakenly
match the owner's report about his Account A in
the sample bank with bank records pertaining to
his Account B in the same bank. This list is by
no means exhaustive.

In this paper the implications of matching
errors are spelled out for two simplified models.
The first model assumes that each account in the
sample has the same probability of being matched
correctly. |In addition, if a mismatch occurs,
the model assumes that each sample account has
an equal probability of being mismatched with any
other account in the parent population, regard-
less of the Account Number, the number of accounts
possessed by this owner in the sample bank, the
size of balance, the ''uncommonness'' of the owner's
name (e.g., Smith), or other factors realistically
related to the probability of mismatching.
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The second model retains the assumption that
mismatches occur according to a random mechanism,
but permits mismatches to occur only within sub-
sets of the parent population, and permits the
probability of mismatching to differ among subsets.
Because of these two features, the second model is
more realistic and flexible. For example, if ac-
counts owned by multiple-account holders (in the
sample bank) are more likely to be mismatched, then
""number of accounts owned in the sample bank'' might
be one of the criteria for defining population
subsets in the second model. Subsets could be
similarly defined to fit many other plausible
hypotheses regarding sources of mismatching.

In actual record check studies, it is fre-
quently found that it is impossible to match a
sample account with any account in the parent
population, thus giving rise to ''nonmatches."
Neither of our models deals with nonmatches. We
have elected here to sacrifice realism in favor
of simplicity.

2. RECORD CHECKS:
ENCOUNTERS WITH MISMATCH ING

An Example -- Consider Table |, taken from a
carefully conducted record check study by Horn
Eﬂ. For a sample of purportedly identical sav-
ings accounts, the table presents mean balances,
as shown by bank records (Col. 2) and as reported
by respondent-owners (Col. 3). Assuming perfect
execution, accurate bank records, and that ob-
served differences in means are statistically
significant, the conclusion emerges inescapably
from Col. L4 that respondents with large balances
tended to underreport and respondents with small
balances tended to overreport =-- in short, a re-
gression-toward-the-mean effect.

But supposing that mismatches occurred -- so
that in some cases the respondent report and the
bank report used to evaluate the accuracy of that
particular respondent report do not refer to the
same account. What would be the consequence? The
answer is that mismatching could yield the same
regression-toward-the-mean effect even in the
case of zero response errors. Whether mismatching
can explain the particular results of Table | or
whether -- by elimination -- these results must
be attributed to response errors will be discussed
later.

Before we turn to the formal analysis, how-
ever, we must deal with three important questions:
(1) what factors give rise to mismatching? (2)
What has been the frequency of mismatches in vari-
ous matching studies? (3) How have the conse-
quences of mismatching been dealt with analyti-
cally?

Sources of Mismatching -- Mismatching may
occur through either (1) inadequacy of items
available for matching, or (2) errors in the




TABLE |

ACTUAL VS. REPORTED SAVINGS ACCOUNT BALANCES, OCTOBER, 1958
NETHERLANDS VAL IDATION STUDY

(GUILDERS)
(1) (2) (3) (&)
Groups of 100 Ob-
servations Ranked Difference in Means:
in Descending Order  Mean Actual Mean Reported Reported Less

by Actual Balances Balance Balance Actual Balance
! 6110 5180 -930
2 4310 3820 -490
3 3530 3220 =310
4 3080 2610 -470
5 2730 2510 =220
6 2470 2280 -190
7 2130 2080 - 50
8 1790 1670 -120
9 1490 1410 - 80
10 1220 1170 - 50
11 1010 1160 +150
12 740 810 t 70
13 480 550 t 70
14 320 450 +130
15 180 270 + 90
16 90 140 + 50
17 10 170 +160
execution of the matching operation. We discuss

each in turn.

Ideally, an item (or set of items) suitable
for matching should define the thing being
matched (a bank account, person, organization,
etc.) uniquely, be available in both sources of
data, and be measured or recorded accurately.

There are several ways in which record
checks can be designed so as to improve the
probability of correct matches. The first way
is to maximize the number and detail of items
being used in matching. For instance, the num-
ber of '"Robert Johnson's'' in Minneapolis (tele-
phone book count) is 224 (out of 334,000). Reduce
the size of this subset by obtaining information
about middle initials and you get 29 ''Robert W.
Johnson's." Finally, obtain (say) the name of
wife and address, and the identification of a
"'Robert W. Johnson'' in Minneapolis approaches
uniqueness.

A second device to achieve uniqueness in
matching -- and the best if it is feasible -- is
by specifying items for matching which are in
fact unique and provide a one-to-one mapping from
one list to another, e.g., a bank account number
in a particular bank or social security number
(excepting the case where an individual maintains
Yaliases'’).

A third means of seeking uniqueness is by
minimizing the size of lists in which persons are
identified. In the bank account record check men-
tioned earlier, it would be better, ceteris
aribus, to draw a sample from a small rural bank
;with,say, 15,000 accounts owned by people in
small towns or rural areas) than to draw a sample
from a New York City bank (with, say, 1-2 million
accounts owned by people living mainly in a large
metropolitan area).

Finally, it is desirable to locate the record
check in a place (or list) which is as hetero-
geneous as possible with respect to the items used
in matching. For example, it would be highly un-
desirable to match on surnames in Copenhagen with
its abundance of Andersen's, Hansen's, etc.; by
contrast, surnames may be more nearly unique if
used, say, for UN personnel in New York City.

Practical considerations have prevented many
record check studies from employing optimal match-
ing items. In some cases, a desire to protect the
anonymity of respondents has forced some investi-
gators to undertake matching without using the
names of sample individuals [7]. Other studies
have not asked respondents to supply their social
security number or bank account numbers, either for
fear of jeopardizing cooperation or because it was
felt that the respondent could not or would not
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provide bank account numbers accurately.

As noted above, mismatching may also arise
through errors in the execution of matching pro-
cedures. In general, mismatching from this
source may be reduced by (i) minimizing the ex-
tent to which subjective judgments must be made,
(2) replicating matches independently, and (3)
utilizing consistency checks to detect errors due
to carelessness.

Frequency of Mismatches -- Unfortunately,
few data on frequency of mismatches are avail-
able. A number of studies have provided informa-
tion on nonmatches, which may be considered a
proxy variable for mismatches in the sense of in-
dicating the difficulty of matching. A nonmatch
occurs when, using items available for matching,
there appears to be no case in the parent popula-
tion whose description conforms to a particular
sample case.

Past matching studies have varied consider-
ably with respect to reported rates of mismatch
or nonmatch. As Table 2 shows, reported mismatch
or nonmatch rates vary from an inconsequential
0.4 percent in the Horn study, to a rather large
35.5 percent in the Sirken study.l It should be
noted that the reported rate of mismatch or non-
match may differ in either direction from the
actual rate: characteristics of actually iden-
tical persons may be recorded erroneously in
either of the two sets of records on which
matches are based; alternatively, persons with
apparently identical characteristics (e.g., the
same name, same age, same sex, etc.) may in fact
not be the same individuals.

Analytical Treatment of Mismatching -- In
most matching studies, investigators have taken
great pains to accomplish accurate matching.

Due to differing underlying circumstances, their
success in this has varied. What efforts were
made analytically to take account of either de-
tected or undetected mismatches? In some studies,
particularly where the outcome of the matching
procedures was obviously imprecise, analysts have
designated various classes of matching, e.g.,
''‘positive matches,' 'probable matches,' etc.

When this procedure has been followed, it has been
typical to confine most of the analysis to the
"best'' match class [11]. This has the possible
undesirable effect of introducing bias, and also
reduces sample size. On the other hand, it has
the virtue of recognizing that mismatching may
vitiate the statistical analysis unless correc-
tive action is taken.

As far as residual, undetected mismatches
go, this factor has not been explicitly dealt
with in any of the studies with which we are
familiar. Such mismatches are our primary
concern.,

|We have neglected the 80.1 percent mismatch rate
in the Phillips study (line 5) since the com-
puter match was viewed as but one of two stages
of matching.

3. MODEL 1: MATCHING ERRORS
OCCURR ING THROUGHOUT POPULATION

Nature of Model Studied -- We begin the study
of the effects of matching errors on the measure-
ment of response errors by considering a highly
simplified model. As a vehicle for discussion,
we shall use an example concerning the study of
response errors in reporting of bank balances by
household respondents. Suppose that the popula-
tion consists of bank accounts A}, A2, .... AN.
The balance of the j-th account according to the
bank records is denoted by Yj (j =1, 2, ..... N).
These balances according to bank records are taken
as the ''true'' values. Thus, the true mean balance
per account in the population is:

| N
- =¥ v,
and the population variance of the account bal-
ances is:

N
iz y Ty -9 2)
Jz

We suppose now that the respondent for ac-

count Aj will report a balance wj which is not

subject to random errors. In other words, the
simple model investigated here does not involve
random response errors. Thus, the ''true'' response
error Rj for the j-th account is:

Ry =Wj =Y (3)
For reasons mentioned in the previous section,
matching errors may occur in the record check

study, so that Rj may not be observed directly.

Thus, the reported balance for the j-th account
may not be compared with the correct balance Yj
but with some other balance Yj (k £ j). We
therefore introduce a random variable Zj for the

j=th account, which is defined as follows:

Yj with probability p
.=
J Y with probability q (k # j) (4)

Zj represents the bank balance against which the
reported balance Wj is compared. According to the
simple model, the comparison is made against the
correct balance with probability p, but may be
made against any other bank balance in the popu-
lation with probability q for any specific al-
ternate account. It follows therefore that:

pt(N-1g-=1 (5)

This model has two important restrictive
properties:

a. A match against some account must be
made; thus, there is no provision for nonmatches
in doubtful cases.

b. If any mismatching occurs, any other bank
balance is equally likely to be the mismatched
balance.
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TABLE 2

NONMATCHES OR MISMATCHES:

SELECTED MATCHING STUDIES

Variables Being Matched:

Information Used

or Mismatches Description First Source =-======c---- with Second Source in Matching Reference
1. 0.4% 3321 savings acct. Savings accounts and Accounts and owners Name, address, age
mismatch? owners in 3 metrop. owners as reported as shown in bank family composition Horn U+,S]
areas in Netherlands in survey interviews records
2. Two stages:
a. 1% 1491 persons in NC Persons as identified Persons as shown by Name, address, age, U. S.
nonmatch and NE U. S. who had by interviewers hospital records sex, race NHS [IZJ
been hospitalized
b. 3.6% " Hospitalization episodes Hosp. episodes as Subjective matching
nonmatch as reported in interview shown in hospital by two persons
records
3. 21% 206 workers in Persons, as identified Persons, as shown Age, sex, section Kahn [6]
nonmatch single plant from answers to pencil- by plant records of plant where
and-paper tests works, shift, etc.
L. 35.5% National sample Families and related Families and related Head's sex, age, Sirken [11]
nonmatch of 1500 families individuals identified individuals identi- occupation, veteran
by one survey organi- fied by a second status, family size,
zation survey organization no. of children, no.
born in 1949-50
(special weight
given to unusual
characteristics)
5. Two Classes 22,869 psychiatric Case records of Any other case Sequential compari- Phillips [9]

of computer case records, incl. particular persons (1961) records among the sons on soundex code,
matches in some cases more 22,869 pertaining surname, first name,
than |1 record per to the same person address, birth year
person range, soc. security
no., maiden name,
a. 3.7% 627 'positive matches" sex-race, birth month
mismatch as determined by " " and day, birth year
computer
b. 80.1% 1,011 '"possible matches" " "
mismatch

aActually, matching with respect to family composition and age was carried out subsequent to the initial Watching on name and
address. The family composition-age check disclosed 60 actual mismatches (1.8% of the sample) which had been incorrectly a?cepted
as matches. Of these, 47 cases were deleted from the sample before analysis; the remaining 0.4% were detected after analysis.

bThe object was to eliminate duplicate records (finally determined to be 805) from the 22,869 records. This was achieveq in
two stages, first by a computer check which identified ''positive matches' and ''possible matches' and second by a carefgl clerical
check which produced the mismatch rates shown in the table. Some of the records were incomplete with respect to the items used
for checking.



The second limitation is relaxed in the
following section. It is a serious limitation
since mismatching is probably more likely to
occur within a small subset of the population
accounts (for instance, within the accounts held
by a family or by persons of the same name). We
consider the case of possible mismatching through-
out the population first because it is a simple
case which provides considerable insights into the
effects of matching errors, and because it serves
as the foundation for the next model where match-
ing errors are restricted within mutually exclu-
sive subsets of the population.

The measured response error for the j-th
account is denoted by Mj, defined as follows:

Mj = wj - Zj (6)
where Mj is a random variable since Z; is a random
variable. It follows from (4) that:

Wj - Yj = Rj with probability p
Mi =
J
Wj - Yk with probability q (k # j)
Thus, Mj provides the ''true' response error only
with probability p.

To summarize our basic notation in one loca-
tion, we have:

s true bank balance

= reported bank balance

= true response error

= matched bank balance

= measured response error

INDE<

When an account is selected from the popula-
tion at random, we denote the random variable
corresponding to the measured response error as
m, and similarly denote the random variables cor-
responding to the true balance and to the reported
balance as y and w respectively.

A simple random sample of accounts with re-
placement is defined as one such that the w's
are independent and the z's are independent. The
condition that the z's are independent implies
that the same account could be matched against
several responses. |If the survey matching pro-
cedures preclude duplicate matching, then the
model may be appropriate only for larger popula-
tions where the probability of duplicate matching
according to the model would be very small. On
the other hand, if duplicate matching is possible
- and this is the case in the matching studies
with which we are familiar - the model permitting
duplicate matching may be appropriate even for
smaller populations.

Results == We shall now state the major re-
sults, without giving any of the derivations:

1., With the model assumed, matching errors
do not affect the study of mean response errors.
It can be shown that:

E(m) = R )]

where R is the mean of the "true" response errors
for the population, Hence, if a simple random
sample of accounts is selected with replacement
and the response errors measured, the mean mea-
sured response error of the sample is an unbiased
estimator of R even though matching errors are
present.

2., It also follows for this model that:

2 2
o = 0y + 2Nq o (8)

where 02 is the variance of the true response
errors = for the population and © v is the co-
variance between the reported banﬂwbalances and
the corresponding true bank balances in the pop-
ulation. Thus, the variance of the measured re-
sponse errors is in general different from the
variance of the true response_errors. For in-
stance, if o,y is nositive, ag would then exceed
oR*
3, If a linear regression between the mea-
sured response error m and the matched bank bal-
ance z is calculated, then it can be shown that
for this model, we have:
- qnB (9

Bmz = BRY WY

and:

a = Q

Y
nz RY + qNBWY (10)

Thus, if the correlation between W and Y is posi-
tive:

8mz < 8RY

and, assuming Y is also positive:
amz >°IRY

In other words, for the typical case where @
is positive and Y is positive, the regressiogY
between the measured resmnmnse error m and the

matched bank balance z involves a smaller slope
and larger intercept than the reecression of the

true response error R on the true bank balance Y.

4, MODEL 2: MATCHING ERRORS RESTRICTED TO SUB-
SETS OF POPULATION

Nature of Model Studied -- In many cases it
may not be realistic to assume that matching er-
rors can occur throughout the population., Rathey
such errors may be limited to subsets of the pop-
ulation, such as persons in a household, persons
at the same address with the same name, or per-
sons with the same name and age. The subsets
within which matching errors can occur depend on
the specific matching techniques that are employed,
and will vary from problem to problem,

The model considered in this section assumes
that:

a. The population is divided into K mutually
exclusive and exhaustive subsets.



b. Matching errors can occur only within a
subset,

ce Within the i-th subset, containing Nj
elements, the probability of a correct
match for any element is pj, and the
probability that any other particular
element in the subset is used for the
match is q;. Thus we have:

Pt + (N, - 1)qg =1 an

given that an element from the i-th sub-
set is selected.

It i8 thus clear that the conditions within
any subset correspond to those utilized in Section
3. Consequeatly, the derivations of results for
the model in this section are an extension of
those obtained earlier.

The limitations of the model discussed in the
previous section still apply, namely that a match
must be made and that mismatches against other
elements are equally likely (but here only within
the subset). In addition, Model 2 requires the
subsets within which mismatches may occur to be
mutually exclusive. This latter restriction often
may be met approximately, as when the probability
of a mismatch against elements outside the subset
is very small compared to the probability of a
mismatch within the subset.

To illustrate the nature of these subsets, we
shall consider a record check study of bank balance
reports. Here, for 1nstance. mismatches may occur
only within the group of accounts for persons with
the same surname living at the same address. If,
however, the mismatching probabilities depend also
on the bank balance, subsets meeting the require-
ments of the model discussed would have to be de-
fined on three dimensions: sumame, address, and
size of bank balance,

Results == Agaiu, we siwply present results
without showing derivations:

l. As in the case of Model 1, the expecta-
tion of the measured response error m is R,

2, Model 2 yields the same conclusions con-
cerning the variance of m and the regression of m
on z as Model 1, provided that the correlations
between true and reported values are in the same
direction in each subset.

5. APPLICATION OF THE MODELS

We shall now apply the earlier results to the
data obtained from the Horn record check study [4]

7

in order to examine the possibility that matching
errors alone could account for the regression-
toward-the-mean effect noted in Table 1. With
models 1, the regression of measured response er-
rors on the matched balance is, from (9) and (10):

E(m|z) = dpy + VB ¥+ (Bpy = aNB)z

If there were no response errors, but only
matching errors, %oy = B v = 0, BgY = 1, and the
regression equation wou1§ reduce to:

E(m|z) = qNY - qN 2

Horn calculated for grouped data the un-
weighted regression of the measured response er-
rors on the matched balances as:

f = 202.6 - 0.178 z

We can get estimates of q, assuming no response
errors, from matching each of the two equation
constants, Matching the slope terms, we have:

-qN = - 0.178

p=1- (ﬁgi) 0.178

Since N in this study was large, we obtain:
Py u.82

Thus, if no response errors were present in
the Horn study, the probability of a correct matci
would have had to be in the vicinity of .8 in
order to account for the observed regression-
toward-the-mean effect, Is this a reasonable
probability for a correct match for this study?
We believe not. The conductors of the Netherlands
Validation Study took a variety of steps to mini-
mize the possibility of mismatches.

Their matching procedures were so thorough
that it is our judgment that the probability of a
correct match for this study would be about .95
or higher, Thus, it appears to us highly unlikely
that the negative slope of measured response er-
rors on matched balances found by Horn is due to
matching errors only, but rather reflects the be-
havior of response errors.
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