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A Regression Solution to the Problem of
Criterion Score Comparability
William M. Pugh
Naval Health Research Center

When the criterion measure in a study is the
accumulation of responses or behaviors for an indi-
vidual over time, there may be a problem in obtain-
ing comparable scores if all individuals cannot be
observed for the same amount of time. Past solu-
tions to this problem have included prorating the
criterion score and deleting individuals lacking a
portion of the criterion information. In the present
paper the problem of criterion score comparability
is viewed as a missing data problem, and a solution
based upon linear regression is proposed. The re-

gression solution was evaluated by comparing it to
the prorating and deletion methods in a monte car-
lo analysis. The population data were an actual
data set collected during a study of illness aboard
U.S. Navy ships, and a series of samples were
created by randomly deleting individuals’ records
and portions of records. Results of the analyses
suggested that the regression method is more ef-
ficient than the alternative methods. Application of
the regression method and the results obtained to
other research settings is discussed.

Frequently, the dependent or criterion variable in an investigation is collected over an extended
period of time. For example, in a study of job performance the number of production errors each
worker made during a month might be counted. Or, in an epidemiological investigation, the number
of illness episodes for an individual may be accumulated over a year or even five years. In such situa-
tions it is likely that individuals will enter and leave the study population during the course of the in-
vestigation, and when this occurs, scores for individuals are not comparable because they reflect dif-
ferent periods of exposure as well as the propensity to make errors or to become ill.

There are two common remedies taken to overcome this problem with criterion score comparabil-
ity. One is to control for the length of time people were observed by eliminating any individual not
present during the entire study from the data analysis. The other remedy is to divide each criterion
count by the length of the observation period, the result often being expressed in terms of a rate (e.g.,
illness rate or error rate).

The purpose of the present paper is to show that the problem of criterion score comparability can
be viewed as a missing data problem in a multivariate analysis. This perspective was gained by con-
sidering the total observation period as a continuum that can be divided into several intervals. Viewed
in this way, each person’s criterion data consist of the set of criterion tallies corresponding to the time
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intervals. Taking this position is useful because it provides a basis for evaluating the two solutions dis-
cussed above; and from the vantage point obtained, the drawbacks of both procedures become ap-
parent. On the one hand, deleting all the data obtained for a person because of one or two missing
data points can result in the waste of large amounts of information (Frane, 1976; Gleason & Staelin,
1975) and, as argued by Galdi and Bonato (1977), that exclusion can introduce bias into the criterion.
On the other hand, the practice of computing rates or prorating data appears flawed when viewed
from the missing data perspective. Functionally, the prorating procedure treats data from complete
observations as a perfect predictor of the unobserved data. Although past and future observations
may be related, rarely would a perfect relationship be expected.

In addition to providing a basis for evaluating the deletion and prorating procedures, viewing the
problem of criterion comparability as a missing data problem sets the stage for applying procedures
designed to handle the problem of incomplete data in a multivariate analysis. Generally, the tech-
niques that have been developed (Buck, 1960; Edgett, 1956; Frane, 1976; Glasser, 1964; Gleason &

Staelin, 1975; Rubin 1977; Timm, 1970) use the available information to compensate for the incom-
plete data by taking advantage of the redundancy among measures. In two studies (Gleason &

Staelin, 1975; Timm, 1970) designed to compare the performance of different techniques for
handling missing data, it was found that regression techniques, such as the one proposed by Buck
(1960), were effective. It was noted, however, that the regression method in which a linear equation is
used to predict missing data points from the available data tended to be slow and computationally
difficult. Before applying one of these methods to the present problems, it should be pointed out that,
for the most part, the existing techniques were designed to handle the problem of missing data among
a set of predictor variables; and caution should be used in applying them in a situation where the cri-
terion data are missing. For instance, methods to estimate how an individual would have responded
to a questionnaire from background information available on a person may be justifiable, but to es-
timate criterion scores from the individual’s background data is a questionable procedure.

Method

Because the data set being considered in this paper was generated by dividing the total observa-
tion period into several intervals and computing a criterion tally within each interval, the resulting
measures would be expected to correlate, thereby making the regression approach attractive. How-
ever, in order to avoid the computational difficulties that would be encountered when the amount of
missing information varied from person to person, a modified method was developed in which the
regression weights varied as a function of the amount of data available and the amount missing.
Thus, a single equation can be used, regardless of the amount of missing data.

This modified regression procedure was compared to the deletion and prorating procedures that
are often used when the criterion is treated as a single value for each person rather than as a set of re-
peated measures. Each method was used to adjust individual scores in a data set designed to simulate
information obtained from individuals having varying degrees of exposure. The simulated data were
generated by modifying actual data collected during a study of morbidity among U.S. Navy enlisted
men. Starting with individuals who had complete data (and therefore equal amounts of exposure) to
define the initial population, a series of sample data sets were generated using a monte carlo pro-
cedure to randomly delete portions of the illness data. Thus, the sample sets simulated data obtained
from naval personnel who had different amounts of exposure as a result of transfers to and from the
research setting, i.e., Navy ships. Using these data, the three methods for adjusting criterion data
were compared in terms of the degree that estimates obtained with the modified criterion reproduced
results obtained with the initial population data.
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Rationale for Adjusting Criterion Scores by Means of Linear Regression

Consider a study in which the sample is composed of two groups: Group 1 consists of individuals
present for the entire study and Group 2 consists of individuals present for only the first half of the
study. In this situation the data from Group 1 could be used to generate a regression equation for pre-
dicting criterion scores obtained during the second half of the study from the value obtained during
the first half. This equation can be expressed as follows:

where Y2, Yh and Ware the predicted score for the second half of the study, the actual score from the
first half, and the regression weight, respectively.

The problem, of course, is that individuals are generally lost from a study at different points dur-
ing the investigation. Therefore, a regression equation tailored to the circumstances of a particular in-
dividual probably would not fit the next person, and creating a separate equation for each person
would be impractical at best. To develop a more practical method for predicting the criterion score
corresponding to m2 observations from the score obtained during ml observations, a method was de-
veloped to estimate Yml, Ym2, and W-1 -2 from Yi, Y2, and W, respectively.

Reconsidering the data for Group 1, the criterion score measured during the first half of a study
can be expressed as the separate criterion counts made during each observation period summed over
the k observation periods in the first half of the study, i.e.,

Similarly, the score for the second half of the study would be

If it is assumed that the criterion variance from one observation period to another is constant and
that the correlation of the criterion counts from one time to the next is also constant, then it can be

shown that

where Sx2 is the criterion variance during one observation period, and rxx is the correlation between the
criterion scores obtained on two different occasions.

In addition, when the above conditions are assumed, the covariance of Yi and Y2 is

The reader may recognize Equation 7 as the Spearman-Brown formula for the reliability of a
lengthened test (cf. McNemar, eq. 12.20, 1969 ; Lord & Novick, eq. 5.10.1,1968).
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Solving Equation 7 for rXX gives

Now, the above process will be reversed. However, this time, instead of using Equation 7, the for-
mula for two tests of lengths m, and m2 will be used (McNemar, eq. 12.17, 1969) to allow for the pos-
sibility of different lengths of exposure among individuals. This procedure yields the following equa-
tion for the correlation of the criterion counts made during m, observations with those made during
m2 observations:

To find ~V~ ~ where

Equations 4 and 9 can be combined to yield

To obtain estimates of Y,&dquo;1 and Ym2 it will be assumed that there is no overall group trend so that
the criterion mean per sample per observation is

where Y is the mean criterion score for the entire study. Therefore, the mean criterion scores for m, i
and m2 observations are

Finally, an estimate of the mean criterion score assessed during m2 observations (Y,,,,) from the
score determined from m, observations (Y&dquo;,1) can be derived by substituting W m¡ m2 for W, ~~, for k,,
and Ym2 for Y2 in Equation 1 to yield

Therefore, when some individuals have fewer criterion assessments than others, the deficiency
can be estimated by first computing rYl Y2 and Y for those people present during the entire study.
Then, using Equation 8, an estimate of r- can be computed which, when used in combination with Y
in Equation 15, yields Ym2-an estimate of the data not observed. Thus, the adjusted criterion score is
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Data

Data obtained during a study of illness incidence aboard three U.S. Navy amphibious ships were
used in the monte carlo analysis. These data were gathered during an overseas deployment which last-
ed approximately 6 months for each ship. Because of small differences in the length of deployment,
only illness data obtained during the first 160 days were used. In addition to the illness data, three
other variables were included. These consisted of job demands (1 = low physical demands, 2 = medi-
um demands, and 3 = high physical demands), pay grade (pay level), and age. These variables were
used to assess predictor-criterion correlations on the basis of previous studies (Pugh & Gunderson,
1979; Rahe, Gunderson, Pugh, Rubin, & Arthur, 1972), which found them to be significantly related
to illness.

From a total of 1,241 individuals aboard the three ships (for at least one day of the deployment),
those who had complete data on all of the above variables were selected for analysis. This resulted in a
study population of 470 men. These data were then altered to simulate the effect of transferring crew
members to or from a ship. The method of altering data for an individual involved two steps. First, a
day from 2 to 159 was selected at random; and second, a random decision was made as to whether the
day selected was to be the day the person transferred to or from the ship. If the day selected was to be
the day &dquo;reported aboard,&dquo; illness data prior to that day were removed; if the day selected was con-
sidered to be the &dquo;detached&dquo; day, the data after that day were deleted. Each time an individual’s data
were altered, a prorated criterion score (Yp) was created as follows:

and a regression adjusted criterion score was derived using Equation 16.
To evaluate trends related to the amount of missing data, six different conditions were assessed.

In the first condition 10% of the sample had some illness data removed, in the second 20% had data
removed, in the third 30% had data removed, in the fourth 50%, in the fifth 70%, and in the sixth 90%
of the individuals had some illness data removed. For each condition 30 samples were created by ran-
domly selecting the designated percentage of individuals, creating the two adjusted criterion scores,
then returning those individuals to the sample, and repeating the process. It is important to note that
the above percentage for each condition refers to the proportion of individuals with missing data.
With respect to the total amount of data, however, the percentages were about one-half of the above
values because only a portion of each individual’s data was altered. For example, under the first con-
dition 10% of the persons in the sample had data altered, but only about 5% of all illness data were re-
moved, since a portion of each person’s data remained intact.

Analyses were designed to determine whether adjusting the illness data by prorating, regression,
or simply deleting subjects with incomplete data generated statistics most like those found when com-
plete data for all 470 individuals were used.

Results

Criterion Characteristics

The effect of adjusting the illness counts on estimates of the criterion mean and standard devia-
tion are shown in Table 1. Inspection of the mean value of the 30 sample criterion mean scores for
each method under each condition shows that all three methods yielded estimates near the population
value. However, the last three columns in Table 1 show that the regression-derived values were most
frequently the closest to the population value. Therefore, the regression methods appear somewhat
more efficient than the other methods.
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Comparing the three methods with regard to estimates of the criterion standard deviation reveals
some divergent results. Regardless of the missing data condition, the deletion method produced the
best estimates of the population value, becoming progessively smaller as the amount of missing data
increased. Prorating produced estimates farthest from the population value. These estimates were
consistently greater than the population value and increased at a relatively rapid rate as the amount
of missing data increased.

Criterion scores generated by the regression and prorating methods were further evaluated by
computing the amount of error introduced into the data. Error was assessed by subtracting the ad-
justed criterion score for an individual from the actual value, squaring the difference, summing the
squared deviation over individuals, dividing the result by the number of individuals (N = 470), and
then taking the square root of the mean squared deviation. The results of this procedure are shown in
Table 2. As would be expected, the mean error for both methods increased as the amount of missing
data increased. However, the t values shown in Table 2 indicated that under every condition the
amount of error introduced by prorating was significantly more than the amount due to the regres-
sion method.

Table 2
Amount of Criterion Error Introduced

by Regression and Proratinga

Criterion errorl,is measured in terms of E for each sample,
E = [¿(y_y)2/N]2, y is the actual criterion score of theindividual, and y is the adjusted criterion score.

bpercent of population given missing data. N = 470.

Predictor-Critedon Relationships

The correlations among the three predictor variables-job demands, pay grade, and age-and
actual illness counts for the study population are shown in Table 3. Note that past illness did predict
future illness in this population (r = .359), that the correlations of job demands and pay with illness
were significant, but that age did not correlate to a significant degree with illness.

To determine the effect that the various methods of dealing with missing criterion data had on
correlational analyses, the correlations between the three predictor variables and the various criterion
scores were computed. The 30 values of each coefficient were converted to z scores; the mean z score
for each coefficient was determined and converted back to a correlation coefficient. These data are
shown in Table 4. Several trends are notably similar for the three predictors. First, the regression and
prorating methods consistently underestimated the population value, whereas the estimates obtained
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Table 3
Correlations among Actual Illness Counts

_ and Three Predictor Measures _ _

through deletion were above and below the population value, depending upon the level of missing
data. Second, the mean predictor-criterion correlation estimates from both regression and prorating
grew smaller as the amount of missing data increased, with prorating declining at a faster rate. Third,
mean estimates generated by the regression method were consistently closer to the population value
than the mean estimates produced by the prorating method. Finally, the regression method appeared
most efficient, producing estimates closer to the population value than either deletion or prorating in
17 out of 18 cases. The one occasion where regression was not closest was when age was being cor-
related with the criterion scores under the 20% missing data condition and then prorating was most
often closest.

In order to summarize the above data and to illustrate the salient properties of each method, mul-
tiple correlations of the three predictors with each criterion were computed. Means and standard de-
viations for these multiple correlations were computed for each method under each condition, and the
results are depicted in Figure 1. The dotted lines indicate the critical value for a multiple correlation
at the .01 probability level. It can be seen that as the amount of missing data increased (1) the values
generated by the deletion method tended to vary about the population mean until extreme levels of
missing data were reached, (2) the values generated by the regression and prorating methods showed
a steady decline with means for prorating having the steeper gradient, and (3) the regression values
which had the smallest amount of variation remained above the critical level (a = .01) more often than
the values generated by either the deletion or prorating methods.

Discussion and Conclusions

Viewing the criterion comparability problem as a missing data problem appears to be useful be-
cause the results obtained in the monte carlo analyses indicated that the procedure designed to esti-
mate missing information, the regression procedure, compared favorably with the deletion and pro-
rating procedures. In particular, with respect to predictor-criterion correlations, the regression
method appeared to be more efficient than either of the other methods because the values obtained
with the regression method most often were the best estimates of the population coefficient. There-
fore, in a situation where data have been collected for correlational analysis and a portion of the cri-
terion information was not observed for some individuals, the regression method may be a more at-
tractive manipulation than that provided by either prorating or deletion. Although the correlations
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Figure 1
The Mean and Standard Deviation of Sample Multiple
Correlations Obtained After Missing Criterion Data

Were Adjusted Using Each of Three Methods

PERCENTAGE OF PEOPLE WITH INCOMPLETE DATA

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



123

obtained tended to underestimate slightly the value that would be obtained from complete data, they
would be expected to be closer than the coefficients generated by either of the other methods. Fur-
ther, by retaining individuals in the analysis, enough power can be gained to more than compensate
for the criterion bias. However, the regression estimates are biased; and if circumstances are such
that it is more important for the estimator to be unbiased than efficient, then the deletion method
would be preferred.

The above conclusions should be qualified, however. Because individuals were selected at random
to receive missing data, caution should be used in extending the results to situations where the
lack of data occurs in a systematic fashion. Moreover, many assumptions about the homogeneity of
variances, covariances, and means were made when deriving the regression formulas. To the degree
that a data set fails to meet these assumptions, it can be expected that the performance of the regres-
sion method will degenerate. Nevertheless, reservations about the performance of the regression
method in a &dquo;real&dquo; study may be relieved somewhat by noting that the original data set (i.e., popula-
tion data) was gathered for a study of illness among Navy men. In this way many of the deviations that
actual data take from idealized states were represented in the monte carlo analyses. Finally, the pres-
ent interpretations depend upon the assumption that estimating what happened when a person was
present, but not observed, is equivalent to predicting what would have happened if the person had
been present when, in fact, he/she was not.

With due regard for the above points, it is felt that the regression method can be a useful tech-
nique for adjusting criterion data when some individuals have less exposure time than others. It
should be pointed out that the regression technique requires a sufficient number of individuals with
complete data in order to estimate the degree to which past behavior is associated with future be-
havior. In addition, individuals with incomplete data should have enough actual information to use as
a basis for estimating the missing information. If it is found that many individuals with missing data
have a minimal amount of criterion data (i.e., not enough data to project from), little would be gained
by retaining them in the analysis. In such circumstances, the deletion method may be preferred. Of
course, when there are excessive amounts of missing information-large numbers of individuals with
large amounts of missing data points-no method of analysis would be advisable.

Although illness data have been used to illustrate and evaluate the various procedures, re-

searchers studying other criteria may also find the regression method useful. For example, studies of
worker performance in an industrial setting might employ the regression method for analysis of data
retained from individuals who transfer to a new company. This may be particularly desirable if these
individuals had participated in an extensive pretesting and/or training program prior to the col-
lection of performance data. Before using the regression method, however, an investigator may wish
to inspect the split-half criterion correlation. As this correlation becomes unity, Equation 16 reduces
to Equation 17, and prorating becomes equivalent to regression. Therefore, if the split-half criterion
correlation is found to be very high, the available criterion data can simply be prorated. On the other
hand, if the split-half criterion correlation approaches zero, the regression slope becomes zero and the
missing data are replaced by a prorated mean score. However, if it is found that the split-half correla-
tion is in fact near zero, then the criterion measures would have no reliability-a most challenging ob-
ject for study. Finally, in actual practice the researcher should consider trying all the methods and
comparing the results obtained from each one.

In addition, when evaluating the usefulness of the regression procedure for a particular problem,
decisions regarding (1) the adequacy of the split-half criterion correlation, (2) the randomness of miss-
ing data, (3) the amount of missing data per person and per sample, and (4) the homogeneity of
means, standard deviations, and correlations must be made in the context of the costs of various types
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of errors. One must consider, for example, if the amount of bias introduced by adjusting the data
causes an important and valid hypothesis to be rejected. Perhaps, instead of adjusting the criterion,
more data should be collected. Also to be considered is the cost of the wasted data if individuals are

dropped from an analysis. The procedures, analyses, and results of the present paper were designed
to aid the researcher in answering such questions. Because the circumstances of each study are dif-
ferent, the answers will tend to vary.
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