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The Superiority of Simple Alternatives 
to Regression for Social Science Predictions 

Jason Dana 
Robyn M. Dawes 

Carnegie Mellon University 

Some simple, nonoptimized coefficients (e.g., correlation weights, equal weights) 
were pitted against regression in extensive prediction competitions. After drawing 
calibration samplesfrom large supersets of real and synthetic data, the researchers 
observed which set of sample-derived coefficients made the best predictions when 

applied back to the superset. When adjusted Rfrom the calibration sample was 
< .6, correlation weights were typically superior to regression coefficients, even 
if the sample contained 100 observations perpredictor; unit weights were likewise 
superior to all methods if adjusted R was < .4. Correlation weights were gener- 
ally the best method. It was concluded that regression is rarely usefulfor predic- 
tion in most social science contexts. 

Keywords: forecasting, improper linear models, prediction 

As a folk practice, the use of simple combination functions such as unit weights or 
correlation weights as alternatives to regression coefficients has existed for some 
time. Although these alternatives yield inferior in-sample predictions, various 
authors (e.g., Dawes & Corrigan, 1974; Goldberg, 1972) have pointed out that they 
may be more robust. Specifically, when regression coefficients are applied to a 
cross-validation sample, the new multiple correlation can be much smaller. This 
cross-validated loss of efficiency can be pronounced when the calibration sample 
is small or when prediction error is sizeable, situations not uncommon to research 
in the social sciences. Correlation and equal weighting schemes are less prone to 
such losses (a priori chosen equal weights have no expected loss), often resulting 
in superior predictions to regression in cross-validation samples. Nevertheless, 
regression coefficients remain ubiquitous, even in applications where their perfor- 
mance may be inferior. 

In this article, we pit some simple, "homespun" sets of coefficients against 
regression to see which make more robust forecasts under varying population char- 
acteristics and calibration sample sizes. We employ real datasets that are publicly 
available as well as several simulated datasets. Results from the former ensure that 
data have not been invented to favor a particular method, while results from the 

The authors thank Rob Kass, Scott Moser, and John Patty for conversions helpful to this article. 
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latter preclude such technical objections as model misspecification or violations of 
statistical assumptions. In both cases, we begin with large datasets and then ran- 
domly draw calibration samples from which the various coefficients are calculated. 
The coefficients are then applied to the superset in order to determine which pro- 
duce the largest correlation between actual and predicted values. Based on our 
results, we make prescriptions about when it is wise to use regression coefficients 
for prediction, which is almost never in typical social science contexts. 

A variety of research and forecasting contexts requires a choice of coefficients 
that will validate well in future cases. Consider the following examples. 

In personality or aptitude measurement, scores are often weighted by their regres- 
sion coefficients as obtained in some validation sample, or else variables in a bat- 

tery may be chosen because they yield the largest multiple correlation in the sample. 
More generally, composite variables are often created through sophisticated statis- 
tical techniques rather than equally combining scores the researcher considers 
important a priori. Once chosen, the weights and/or items in the battery are often 
not subject to change. Thus, the need for a robust choice of weights is supported. 

Research has repeatedly demonstrated the superiority of statistical prediction rules 
over informal "clinical" judgment in forecasts involving human outcomes (see Grove 
& Meehl, 1996). These rules are typically simple, linear combinations of a few 

important variables. Many authors (e.g., Swets, Dawes, & Monahan, 2000) argue 
strongly for the use of statistical rules in such important predictions as college admis- 
sions or parole decisions. To make important decisions with real human costs, a set 
of weights (not simply variables) that predicts optimally in future cases is crucial. 

Several authors have pointed out shortcomings of regression coefficients, par- 
ticularly when used to predict. Before proceeding, we should distinguish our main 

point from those that have already been thoroughly addressed. First, the issue of 

superior validation goes beyond the notion of shrinkage. A shrinkage estimate is 
the expectation of the population multiple R, which is smaller than the sample 
value because of the problem of overfitting available data. This estimate, however, 
assumes no constraint on the values of the population coefficients. The shrunken 
R prophecy can be much larger than the R that would obtain using "these here 
weights" derived from the sample. Because we never have true weights, it is these 
here weights that we need to worry about if we are at all concerned with pre- 
scribing a prediction equation for future use. Although least squares coefficients 
are unbiased, they can be inefficient. Guion (1965) gives a striking example of the 
difference between a shrunken and a cross-validated R: 

Consider, for example, the sad story of McCarty and Fitzpatrick (1956). Using the 
Wherry-Doolittle technique they selected a battery and estimated a shrunken R of .92. 
When they cross-validated on a second sample, however, they found the correlation 
to be-.21! (p. 166) 

The relative forecasting efficiency of alternatives to regression coefficients that we 

explore here has received much less attention, although work by Gigerenzer and his 
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colleagues (Gigerenzer & Todd, 1999) has resurrected the issue by demonstrating 
that even single variable prediction strategies may outperform regression coefficients 
in cross-validation samples. 

Second, we address forecasting efficiency independent of the widely discussed 
problems of selecting variables through regression analysis, such as through step- 
wise regression (see Armstrong, 1985 for a discussion). Selection problems point out 
the shortcomings of post hoc analysis and capitalizing on chance, but do not account 
for the inefficiency we document. All of our public data were preselected, while the 
simulation data are created from a fully specified linear model. However, we demon- 
strate that optimal sample coefficients may perform relatively poorly on new data. 

Methods 

Notation 

Without loss of generality, we discuss data in standard score form that have been 
codified such that each predictor correlates positively with the criterion. The fol- 
lowing notation is used: the sample correlation matrix among predictors is S, in the 
population it is X. The sample vector of correlations between the predictors and the 
criterion is r and has m (number of predictors) elements, while the population ana- 
log is v. Sample-derived least squares coefficients are a vector b whose elements 
are b coefficients, the population coefficients are 13 coefficients, and w is any vector 
of coefficients. Finally, the sample multiple correlation is R, while the population 
multiple correlation is p, and the population correlation between the criterion and 
the predicted values resulting sample-derived coefficients is "validated R." 

Alternative Coefficients 
In addition to least squares, we consider the following': 

1. Correlation Weights. Coefficients are each predictor's zero-order correla- 
tion with the criterion. Previous authors (Goldberg, 1972; Marks, 1966) have found 
some support for favorable cross-validation of correlation weights over regression 
coefficients. 

2. Unit Weights. Coefficients are either 1 or -1 on each predictor. Wainer 
(1976) showed that the loss of predictable variation of a random variable using equal 
weights rather than ordinary least squares is theoretically quite small (see correc- 
tions by Wainer, 1978 and Grove, 2002), and Grove shows that this loss is smaller 
when predictors are correlated. Unit weights can be chosen post hoc according to 
observed correlations or a priori according to the researcher's theory. As the former 
method rarely outperforms correlation weights, and the latter is less redundant, we 
investigate only the latter method. Note that this choice entails the possibility of 
weighting a predictor -1, even if all sample obtained correlations with the criterion 
are positive. It is also possible in some samples that properly calibrated a priori unit 

weights will yield negative values of R. 
3. Take the Best Weights. Gigerenzer and Todd (1999) describe one-variable 

decision rules that may cross validate better than regression, unit, and correlation 
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weights. Take the best involves an ordered search of variables according to their 
perceived validity with a rule to stop when a variable is found that adequately dis- 
criminates. To our knowledge, no formal criterion has been given for invoking the 
stopping rule. Thus, we approximate by choosing the predictor most correlated 
with the criterion in the sample and weighting others 0. If this strategy is not pre- 
cisely take the best, it does yield the best single variable prediction as assessed by 
the available sample, and hence, yields an upper bound on take the best. The inclu- 
sion of take the best does not represent a test of whether it is a fast and frugal heuris- 
tic. Rather, we approximate it to investigate how general is the situation where one 
variable outpredicts the coefficients considered here. 

Our comparisons involve additive linear models; we justify this focus by noting that 
little evidence exists to show that forecasts can be improved by using complex or 
nonlinear models (Armstrong, 1985). 

Sampling and Validation Procedures 

A modification of the traditional cross-validation procedure was used. Rather 
than creating two samples, we began with large datasets that we assume yield 
population parameters. We then randomly drew smaller samples from these 
datasets. From each dataset, we sampled 300 times with replacement after each 
sample, including 50 each of sizes 5m, 10m, 15m, 20m, 30m, and 50m, where m 
is the number of predictors. We then applied the procedures described above in 
each of the samples to obtain the sample-derived coefficients. To determine the 
directions of the unit weights, the researchers used the majority judgment of a 
small convenience sample of colleagues (all directions were correct). All coef- 
ficients were then applied to the "population" superset (including the sample) to 
obtain values of validated R, which is computationally simplified by using the 
formula: 

WtV 
validated R = 

Vw'C w 

We chose to validate on the superset rather than in another sample of equal size 
because validation in the latter case depends, in part, on the idiosyncrasies of 
the new sample. By using the largest set of data possible for validation, we elimi- 
nate this secondary source of error. We find this strategy sensible because the 
researcher should hope to maximize "true" forecasting accuracy. Because this strat- 
egy does not remove the sample from the superset, we note that this is favorable to 
regression coefficients. 

Although we report our results in terms of validated R, the qualitative conclu- 
sions about the relative performance of the coefficients would remain unchanged 
if we adopted the metric of minimizing out-of-sample squared errors. For the alter- 
native coefficients considered here, we could simply rescale each by a factor a, 
given by: 
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w'r 
a = 

w'Sw 

If one set of coefficients produces a larger validated R than another, then it will pro- 
duce smaller squared errors when scaled in this fashion. 

Descriptions of Public Datasets 

Statistical properties of the public datasets are summarized in Table 1. Descrip- 
tions of the datasets follow (for scaled variables, the positive direction is given in 
parentheses). 

The Abalone dataset includes measurements of abalone used in an original 
study (Warwick, Sellers, Talbot, Cawthorn, & Ford, 1994). The criterion was the 
age of abalone predicted from seven measurements: shell weight, diameter, height, 
length, whole weight, viscera weight, and shucked weight. 

The NFL dataset includes all National Football League game outcomes from 
1981 to 1995, excluding strike years (Carroll, Gershman, Neft, Thorn, & Silverman, 
1999). The criterion, final score difference (home team minus visiting team), was 
predicted from differences in 10 team statistics: points per game, points allowed 
per game, passing rating, interceptions thrown, total yards of offense, total yards 
allowed, percentage of opponents' plays ending in a sack, opponents' average punt 
return, opponents' average kickoff return, and percentage of plays penalized. 

The ABC dataset includes a subset of results from a random polling of house- 
holds by ABC (ABC News, 2002). The criterion was the answer to the question: 
"How confident are you that Osama Bin Laden will be captured or killed?" on a 
4-point Likert scale. Selected predictors were two poll questions: "Do you regu- 
larly display an American flag?" answered yes/no (yes) and "How proud are you 
to be an American?" on a 4-point Likert scale (proud) and three demographic vari- 
ables (sex (male), age, and level of education). 

The NES dataset includes a subset of results of a telephone poll during the 1988 
presidential primary elections (Miller, 1999). Favorability rating of the Republican 
party on a 0-100 scale was predicted from six poll questions. The first question asked 
whether the nation's economy was better or worse than the year before (better). The 

TABLE 1 
Characteristics of the Real Datasets 

Dataset N k p v Vector rxixj 
Abalone 4,177 7 .73 .63.58.56.56.54.50.42 .89 
NFL 3,057 10 .54 .46.43.37.34.33.27.21.07.05.05 .21 
ABC 955 5 .35 .32.20.06.04.02 .08 
NES 1,910 6 .35 .26.17.15.15.13.12 .11 
WLS 6,385 5 .20 .13.11.10.10.10 .15 
a rxj is the mean strength of correlation among the predictors. 
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next four were statements for which respondents indicated agreement on a Likert 
scale: "If people were treated more equally in this country, we would have many 
fewer problems" (disagree); "Changes in lifestyle, like men and women living to- 
gether without being married, are signs of increasing moral decay" (agree); "We have 
gone too far in pushing equal rights in this country" (agree); "We should be more tol- 
erant of people who choose to live according to their own moral standards, even if 
they are very different from our own" (disagree). The final question asked whether 
the individual was financially better or worse than the year before (better). 

The WLS dataset includes a subset of results from the Wisconsin Longitudi- 
nal Survey (1993). The criterion was a measure of occupational prestige in 1992. 
Predictors were self-rated physical health compared to others of same age and 
gender (healthier), scores on personality scales measuring depression (less de- 
pressed), extraversion (more extraverted), neuroticism (less neurotic), and num- 
ber of children. 

Results for Public Data 

The resulting mean validated R for each of the methods in each of the respec- 
tive datasets is presented in Figure 1 as a function of sample size. To reiterate our 
point that the relative performance of regression is a separate issue from model 
selection, we also used least squares from the submodel with the best Mallows's 
Cp statistic (Mallows, 1973). In this way, it is less likely that extraneous predic- 
tors are considered. The least squares coefficients results from using just the best 
Cp models are also included in Figure 1. Regularities in the data emerged: 

1. The requisite sample size for regression coefficients to be superior 
depends on prediction error in the model. That is, it depends on the value of p 
in the population from which one is sampling,2 a situation helped very little by 
using Cp analysis. One can see clearly in Figure 1 that validated R as a function of 
sample size is steeper for regression than it is for correlation weights or take the 
best, and is, of course, flat for unit weights. To understand the effects of sample 
size and p on estimation better, we examined the 2 x 2 factorial design with the dif- 
ference in validated R between regression and unit weights as the dependent vari- 
able. We found strong effects for both p (t2 = .543) and level of sample size 
((2 = .18) but not for the interaction ()2 = .004). The much stronger effect of p noted 
here suggests that perhaps too much attention is given to sample size relative to pre- 
diction error when choosing coefficients. The insensitivity of unit weights, and to a 
lesser degree correlation weights, to the increasing efficiency of estimation as the 
strength of the linear relationship increases is dramatically reflected in the results. 
In the datasets where p was smallest, NES and WLS, regression coefficients were 
not superior when calibration samples were sized 50m. In the abalone dataset, 
where p was largest, regression coefficients were always superior. These results 
speak unfavorably to the use of regression coefficients in most social science 
applications, where the NFL dataset would represent the unusually high end of 
predictability. Even in that dataset, regression coefficients were not superior in 
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samples smaller than 30m. Furthermore, any superiority in that data was modest, 
indeed; the validated R resulting from regression coefficients was never as much 
as .03 larger than that obtained by using correlation weightsfrom any one sample. 

2. The small loss of predictable variation caused by using equal weights was 
empirically supported. Although equal weights were not the most efficient of the 
alternative methods, they were practically as good. The decrement in explainable 
variation on validation caused by using unit weights as opposed to the best coeffi- 
cients rarely exceeded 2% or 3%, except in the abalone dataset. In Wainer's (1976) 
words, estimating coefficients apparently "don't make no nevermind," or at least 
it doesn't for most social science data. 

3. The success of single variable prediction depends strongly on the char- 
acteristics of the data. Gigerenzer and Todd (1999) suggest that single variable 
predictors are often more robust than such other alternative methods as correlation 
weights. Our results generally do not support this conclusion. In the NFL and NES 
datasets, take the best was never the best method, and in the NFL data, only one 
variable could have predicted better than one of the 300 sets of correlation weights. 
Not surprisingly, take the best seems most effective when one predictor has a valid- 
ity approaching p; that is, when only one predictor is truly meaningful. 

Simulation Procedures 

To test the sensitivity of these results to various parameters as well as to possible 
violations of statistical assumptions, a large simulation was run using synthetic data. 
Datasets of 5,000 cases were created using a method similar to that first described 
by Wherry et al. (1965). A j(factors) x m + 1(variables) matrix of factor loadings 
was defined for each dataset, which was then premultiplied by a 5,000 (cases) xj 
(factors) matrix of normal deviates representing latent scores. The resulting matrix 
was then added to a second matrix whose columns were normal deviates scaled by 
the "uniqueness" values, 

u = VI - h2. 

(where h2 is the sum of squared factor loadings) of the corresponding variables. 
This method allows for the construction of data with specific intercorrelations. 
Thus, we defined a criterion variable in linear fashion on a set of predictors. 

For each matrix of factor loadings, j was set equal to m. This scheme allows for 
perfect colinearity among predictors, complete independence, and all cases in 
between. The m loadings of the criterion variable were the square roots of a draw 
from a Dirichlet distribution (essentially an m dimensional extension of the beta 
distribution). To vary the level of colinearity with one parameter, we set each diag- 
onal element of the m x m submatrix of predictor loadings to the same amount d in 
[0, 1]. Each of the remaining m - 1 column elements were set to 

m - 
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Finally, to introduce error into the model, each of these elements was scaled by a 
factor t + x, where t was a fixed value chosen from [0, .5], and x was a random value 
from the uniform interval (0, .5). The expected value of p is increasing in t. As 
d increases, the predictors approach independence. 

We employed seven levels of t, eight levels of d, and five levels of m-3, 4, 5, 
8, and 10-and created five datasets per combination for a total of 1,400 datasets. 
Thus, the models sampled broad ranges of m, p, and multicolinearity. We included 
additional sample sizes of 75m and 100m, because of the possibility that in data 
where p was small, regression coefficients would still be outperformed at 50m. 
Because the data were defined with positive manifold, unit weights were always a 
vector of Is. 

We also included in the simulation analysis a more principled option, ridge 
regression coefficients, which are computed by adding an amount k to each diag- 
onal element in S. Although we often cannot specify precise priors on regression 
coefficients for social science data, simple assumptions can be made about the lim- 
ited ability to predict the criterion. A Bayesian motivation for ridge regression is 
to start with a prior belief that b weights will be distributed about a mean of zero. 
As the ridge coefficient vector is shorter in Euclidian distance than b, we can say 
it "reins in" coefficients toward zero. We employed a data-dependent estimate of 
k given by Brown (1993) and motivated in the Bayesian manner described above, 
which in our case can be reduced to: 

(m- 2)62 
k= 

b'Sb 

where &2 is the unbiased estimate of residual variance. 

Results for Synthetic Data 

The strong dependence between the performance of regression coefficients and 
p was confirmed. When p was small, a situation not uncommon in social science 
research, their relative performance was surprisingly poor. Even with "respectable" 
sample sizes of 100m, b coefficients produced a smaller mean validated R than cor- 
relation weights when p < .6. When p < .4, unit weights were superior to all other 
methods, even with sample sizes of 1OOm.3 If the samples were drawn from datasets 
in which p was above .9; however, least squares coefficients were superior when 
samples were of size 5m. An analysis of the effect sizes for sample size (32 = .462) 
and p (c2 = .456) on regression coefficients' superiority revealed the importance of 
p relative to sample size to be more modest than found in the public data; the results 
here suggest they are about equally important in determining whether regression 
coefficients will outperform simple unit weights. 

An orderly pattern was noted: unit weights typically produced the largest values 
of validated R at the smallest sample sizes. As sizes increased, a "crossover" point 
occurred at which correlation weights became superior and remained superior 
thereafter. Finally, when sample sizes were sufficiently large, a second crossover 
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occurred after which least squares and ridge coefficients were superior. The perfor- 
mance of ridge and least squares coefficients was similar, although ridge coeffi- 
cients weakly dominated the latter in that their mean validated R's were at least as 
large and often larger at all sample sizes. At what point, if at all, these crossover 
points occurred depended on the value of p in the dataset. 

The researcher can estimate p, but does not know its value. Here, we report the 
results conditional on adjusted R using the Wherry-Lord formula (p) so that the 
researcher does not need to rely on an intuitive estimate.4 Figure 2 depicts the mean 
validated R for each set of coefficients as a function of sample size at different val- 
ues of p for p > .3. Take the best is excluded because it was dominated by at least 
one other method at each level of p. Perhaps surprisingly, the qualitative results 
were sensitive to neither m nor colinearity among predictors in the data; cross tab- 
ulating the result in Figure 2 with either variable leads to the same conclusions. 
The fact that these results hold across levels of m suggests that the crossover sam- 
ple sizes are better expressed as ratios of n to m than as n. 

The reader may question how these results depend upon whether sample co- 
efficients were significantly different from equality. A statistical rejection of this 
omnibus assumption is increasingly likely in the size of the sample in question and 
decreasingly likely in the residual sums of squares. Such an analysis is thus redun- 
dant; where the assumption blb2 b2 - * bm is rejected, regression coefficients are 
likely to perform much better, but the researcher also knows this from R and n, two 
values requisite to conducting the test. 

Discussion and Conclusion 

A large psychological literature in the tradition of the lens model has attempted 
to capture the judgment skills/policies of decision makers by regressing their pre- 
dictions on the cues available to them (see Hammond, 1996). Hammond suggests 
an intuitive "quasirationality" that humans possess, noting that when multiple fal- 
lible indicators are available, a tradeoff between robustness and precision often 
exists. The forecasting success of the somewhat coarse weighting schemes we con- 
sider here might tempt one to interpret our results as supporting quasirationality. 

We warn against this interpretation. It is unlikely that people somehow intuitively 
equal-weight and even far less likely that they correlation weight. Grove and Meehl 
(1996), for example, note that simple tallies of diagnostic indicators have out- 
performed expert judges, even when the indicators are the vague impressions of 
the judges themselves. This is precisely because human judges do not behave like 
equal-weighters that we must even make a point about the effectiveness of such a 
policy. Consider first that one must mentally transform inputs to a common scale; 
for example, percentile, before adding them can be profitable, which can be diffi- 
cult given that the distributions of the inputs can be disparate.5 Even worse, in order 
for people to have adapted such a skill, it must have made superior "point predic- 
tions" in ecological contexts. Unit and correlation weight predictions, however, may 
not pass through any data at all; to make precise predictions, weights (or data com- 
binations) must be scaled to best position the intercept. The answer to this problem, 
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given in the sampling and validation procedures section, is sufficiently difficult to 
derive as to preclude that people do this mentally. 

The alternative prediction methods presented in this article quite often defeated 
ordinary least squares in our competition. To make the results more digestible, it 
may be helpful to state a simple rule for when regression coefficients should be 
used for prediction purposes. A great deal of speculation has surrounded the issue 
of minimum sample size requirements for conducting multiple regression analy- 
ses. Numerous rules of thumb abound, often of mysterious origin (listed in Green, 
1991). The considerable variability of these rules is probably attributable in part to 
the ambiguity of the question; sample size prescriptions have been made for a vari- 
ety of purposes. Green (1991) made suggestions based on power analyses for the 
hypotheses one wishes to test; for example, submitting with reservation that N > 
50 + 8m is desirable if one wants to test the null hypothesis R = 0. Nunnally and 
Bernstein (1994) made recommendations based on the determination of the un- 
biased estimate of the population R2: 

If there are only 2 or 3 independent variables and no preselection is made among 
them, 100 or more subjects will provide a multiple correlation with little bias. In that 
case, if the number of independent variables is 9 or 10, it will be necessary to have 
from 300 to 400 subjects to prevent substantial bias. (p. 189) 

More recently, rules of 40m for a stable cross-validity coefficient and 100m for 
estimating the population regression equation have been suggested (Osborne, 
2000). 

We throw our own hat into the ring, arguing from a rather practical perspective. 
Regression coefficients should not be used for predictions unless error is likely to 
be extremely small by social science standards or sample sizes will be larger than 
100 observations to predictors. In other words, regression coefficients should almost 
never be used for social science predictions. Simple alternatives will usually yield 
better predictions. Schmidt (1971) made a similar point about the cross-valid supe- 
riority of unit weights: 

Since many studies employing regression weights reported in the literature are char- 
acterized by sample sizes below the critical values presented in Table 3, it is con- 
cluded that many psychologists in applied areas are routinely penalizing themselves 
by their adherence to [least squares regression]. (p. 710) 

His results typically required sample sizes close to 20m for least squares to be 
superior to unit weights. Our more conservative estimates regarding least squares 
result in part from the consideration of correlation weight alternatives, which are 
often superior to unit weights, and in part because we condition our recommenda- 
tions on p. 

If the problem is to choose a sample size a priori to obtain effective regression 
coefficients, the researcher should assume a value of p based on his or her theory. 
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For example, when predicting extratest behaviors from personality measures, p > .6 
is rare. The results in Figure 2 hold for p as well. 

Numerous pleas to investigators to consider alternatives to regression coefficients 
seem to have fallen on many sets of deaf ears. We have tried to bolster the argu- 
ment in two ways. First, we employed sampling from several real social science 
datasets-which we consider to be generalizable to an audience concerned with 
practical issues-as well as employing a large number of cleaner synthetic data sets. 
Second, on practical and empirical grounds we tried to establish simple rules for the 
minimum number of cases required when using regression coefficients for predic- 
tion. These rules, which are based on actual analysis rather than "guesstimates," 
require no more information than is available when regression is run on sample data. 
We hope that these efforts will help improve prediction in the social sciences. 

Notes 

1One of us (RMD) had the idea of retaining only those off diagonal elements of 
S that could change the sign of a regression coefficient (i.e., those pertinent to a 
suppression). This strategy, which we call vanishing covariances, was also exam- 
ined. However, because our data are not characterized by any strong suppressions, 
we do not include its results. It usually (but not always) reduced to correlation 
weighting, and, thus, usually yielded the same accuracy (but sometimes worse). 

2 One simple intuition behind the increased efficiency of regression as error 
decreases is to imagine the scatterplot of the linear combinations (Y) on the crite- 
rion. If all of the points are near the best fit line, then no matter what group of them 
is sampled, the fit line can hardly change. 

3 Unit weights were relatively better in the simulated data, in part, because all pre- 
dictors were actually important. In the public data, the authors' judgment selected 
variables that may or may not have been important, a damaging situation when all 
coefficients are set equal. 

4 Of course, the validation of weights depends on p. Because small p values from 
larger samples are indicative that p is actually small, the functions in Figure 2 are 
decreasing at the lowest p values, which would not happen if we presented the func- 
tions conditional on p. 

5 Imagine doing this, for example, when evaluating an applicant to graduate 
school based on GPA and GRE scores. How many among us mentally transform 
these scores so that they can be appropriately added to learn some optimal cut value? 
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