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Two nonlinear models, which were proposed by Einhorn as approxima-
tions of the Conjunctive and Disjunctive strategies, were compared with
the Linear, Logarithmie, and Exponential models as potential representa-
tions of the judgments made by 29 clinical psychologists, each of whom
attempted to differentiate neurotic from psychotic patients on the basis
of their MMPI profiles. For this task, the Linear model provided a better
representation of the judgments made by all clinicians than did either of
Einhorn’s models, and only the Logarithmic provided the Linear model
with any real competition. Moreover, serious problems endemic to all of
the nonlinear models call into question their utility as potential judg-
mental representations.

How do physicians and elinical psychologists integrate the data they
receive from each of their patients to make their diagnostic decisions?
What policies are used by college admissions committees and personnel
officers to arrive at selection decisions? In what manner does the average
individual combine data in making job and family decisions? Stimulated
by the seminal contributions of Hammond (1955) and Hoffman (1960),
the past decade has witnessed an explosion of research interest in answer-
ing such questions (e.g., Anderson, 1962, 1965, 1967-1969; Hammond,
Hurseh & Todd, 1964; Hammond & Summers, 1965; Hoffman, 1968;
Hoffman, Slovie & Rorer, 1968; Naylor, 1964, 1967; Naylor & Schenck,
1968 ; Naylor & Wherry, 1965; Slovic, 1966, 1969 ; Tucker, 1964; Wiggins
& Hoffman, 1968).

Over the years, various mathematical models have been proposed as
potential representations of the judgment process. Empirical comparisons

*This study was supported by Grant No. MH 12972 and MH 10822 from the
National Institute of Mental Health, U. S. Public Health Service. Computing
assistance was obtained from the Health Sciences Computing Facility, UCLA,
sponsored by NIH Special Resources Grant RR-3.
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among competing models have yielded one rather consistent finding:
across a fairly broad array of judgmental tasks, a linear and compensa-
tory model (multiple regression analysis) has consistently provided at
least as faithful a representation of human inferences as have other
models tried to date (Goldberg, 1968). However, since it is intuitively
unreasonable to assume that man typically processes information in the
same manner as a linear regression analysis (Hoffman, 1968), some type
of nonlinear and/or noncompensatory models should eventually prove
superior to the linear model—at least for some judges with some sorts
of inferential tasks. Consequently, two recent papers by Einhorn (1970,
1971} are of unusual importance, since they purport to have demon-
strated that for a sizable proportion of judges a nonlinear model provided
a more accurate judgmental representation than did the linear regression
model.

Einhorn (1971) compared two nonlinear models (Conjunctive and
Disjunetive) with the Linear model as representations of the judgments
made by (a) each of 39 engineering students, who rank ordered 15 jobs
in terms of their attractiveness, and (b) each of 30 Ph.D.-level psycholo-
gists, who rank ordered 15 hypothetical applicants to graduate school in
terms of their likely acadamic promise. lqual numbers of judges were
assigned to each of three treatments, in which they received either two,
four, or six cues to use in making their rankings. Each judge ranked two
different sets of 15 protocols, and the three models were compared in a
double eross-validation design. Einhorn concluded from this study that
(a) the average accuracy of each of the two nonlinear models relative to
that of the linear model did not change as a function of the number of
cues provided the judges, (b) all three models provided less accurate
judgmental representations as the number of cues increased,? and (c) one
of the two nonlinear models provided a better representation of the judg-
ments made by many judges than did the linear model, a finding which
was most striking in the job preference study.

However, Einhorn constructed his cue sets specifically to reveal any
discrepancies between linear and nonlinear judgmental strategies. As a
result, cues which have high correlations in nature (e.g., Verbal and
Quantitative scores from the Graduate Record Examination) may have

*This conclusion was based upon the finding that the size of the correlations
between the models and the judgments decreased as the number of cues increased.
This finding does not necessarily imply that the models provided any poorer repre-
sentations of the reliable variance in the judgments as the number of cues in-
creased, since the judges simply may have been less reliable in the six-cue than in
the two-cue task. Unfortunately, since Einhorn did not collect test-retest reliability
judgments, this hypothesis must remain untested.
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been negatively correlated within the set of profiles Einhorn presented to
his judges. Consequently, it is difficult to generalize the findings from
these small sets of unusual cases to judgments made from a larger and
more representative set of protocols. The present study was designed to
extend Einhorn’s findings to a much larger and more representative set
of data. Moreover, the present study permits a comparison among the
three models used by Einhorn, plus two “control” models, which were not
included in Einhorn’s study. In addition, the present study is focused
upon a judgmental problem of considerable societal significance (the
differential diagnosis of psychosis vs neurosis), and, therefore, this task
provides an important arena for discovering the inferential strategies of
experienced diagnosticians.

Specifically, the present study was designed to investigate which of
five models (Linear, Conjunective, Disjunctive, Logarithmic, and Expo-
nential) provides the most accurate representations of the differential
diagnoses made by each of 29 clinical psychologists, based on the MMP]
profiles of 861 psychiatric patients. While previous research using the
same data (e.g., Goldberg, 1965, 1969) has shown that the linear model
is not surpassed by any of a host of nonlinear prediction schemes in fore-
casting the criterion diagnoses, only a few studies (e.g., Wiggins & Hoff-
man, 1968) have focused upon the 29 sets of clinical judgments them-
selves. Wiggins and Hoffman (1968) compared the linear regression
model with two competitors (a) a quadratic regression function, and
(b) a regression function composed of “patterns” and “signs” culled from
the psychometric literature. Since these investigators concluded that
“configurality was a consistent judgmental characteristic distinguishing
16 of the judges” (Wiggins & Hoffman, 1968, p. 70), these data should be
particularly appropriate as a test of the nonlinear models proposed by
Einhorn.

METHOD

The Judgmental Task

The data for this study were collected by Paul Meehl, who originally
focused research attention on this problem on the grounds that “the
differences between psychotic and neurotic profiles are considered in
MMPI lore to be highly configural in character, so that an atomistic
treatment by combining scales linearly should theoretically be a very
poor substitute for a configural approach” (Meehl, 1959, p. 104). Meehl
collected 861 MMPT profiles from seven hospitals and clinies throughout
the country, each profile from a psychiatric patient who had been diag-
nosed as being either psychotic or neurotic. For a description of the
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seven samples, see Goldberg (1965). Of the 861 MMPI profiles, approxi-
mately half (47%) were produced by psychotic patients.

The Judges

Meehl obtained diagnostic judgments from 29 clinical psychologists
(13 at the Ph.D. level and 16 advanced graduate students at the Uni-
versity of Minnesota). The judges rated the profiles from each sample in
turn, using an 11-step forced-normal distribufion, from least (likely) to
most (likely) psychotic. A composite judge was constructed for the
present study by averaging the ratings of the 29 clinicians for each
profile.

The Judgmental Models

The five models which were compared in this study are presented in
Table 1. Both the conceptual and the computing formulas are listed in
the table; for two of the five models (the Linear and the Logarithmic)
the conceptual and computing formulas are identical. The first three
models listed in Table 1—the Linear, Conjunctive, and Disjunctive
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+ ¥ is the predicted judgment for each judge and each profile; X; is the value of the
i-th cue (in this case, an MMPI scale score); b; is the regression weight for the i-th cue;
a; is an arbitrary constant (in this case, a number one scale point larger than the highest
obtained value of the 7-th cue); k is the number of cues (in this case, 11); and all scales
have been reflected, if necessary, so that rxy > 0.
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models—were taken directly from Einhorn (1970, 1971). The two
remaining models—the Logarithmic and Exponential—were included as
“controls” for the Conjunctive model, to check whether any possible in-
cremental validity of the Conjunctive over the Linear model might sim-
ply stem from the logarithmic transformation of the cues alone (LOG)
or of the judgments alone (EXP). The two parallel “controls” for the
Disjunctive model are not ineluded, since neither Einhorn’s research, nor
that to be reported here, showed any substantial ineremental validity for
that model.

The Design of the Study

For each judge in turn, multiple correlations were obtained between
his actual judgments and the predicted values from each of the five
models, both within each of the seven samples of MMPI profiles and for
the total sample of 861 profiles. In addition, the same values were ob-
tained for the average judge, the composite judge, and the criterion
diagnoses. Since these multiple correlations were all based upon the same
sample of cases used to derive the models, the values will necessarily be
higher than they would be in a cross-validation sample. However, since
all five models include the same number of parameters (11), their
shrinkage upon cross-validation should be relatively uniform. Nonethe-
less, as a further test of the comparative utility of the models, the 861
profiles were split into two parallel sets of 430 and 431 profiles, and the
same analyses were carried out using a double cross-validation design.
That is, the models derived in one set of profiles were cross-validated in
the other set (and vice versa), and the two cross-validated correlations
were then averaged.®

RESULTS

Table 2 presents the multiple correlations for each of the five models,
based upon the total sample of 861 cases. Values are presented for each
of the 29 judges, the average judge, the composite judge, and the cri-
terion diagnoses. Note that for all 29 judges (100%), the Linear model
provided a better representation of their judgments than did either the
Conjunctive or the Disjunctive models. In fact, for 25 of the 29 judges
(86%), the Linear model provided a better fit than any of the other four
models. For four judges, the Logarithmic model was slightly superior to
the Linear one, though all of these minute differences appear only in the
third decimal place. In general, for both the average and the composite

? All computations were carried out by computer in double-precision arithmetic,
a practice suggested for all investigators using logarithmic functions.
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TABLE 2
A CowmpsrisoN oF T MurripLk CORRELATIONS ¥oR KacH orF Five MobDrLs
Torar SampLe (N = 861)

Judge LIN CON DIS LOG EXP

1 J70* .63 .60 .68 .65

2 .83* .74 .64 .82 .75

3 J72% .62 .55 .71 .63

4 J72% .63 .62 .68 .67

5 ik .69 .60 .76 .69

6 .80* 71 .69 77 .74

7 J75% .67 .60 .74 .67

8 .81 .75 .61 .81* 73

9 .82% .75 .67 .81 et
10 .73 .72 .62 .73% 71
11 .84 .79 .68 .84¥ .78
12 .76% .65 .60 .74 .66
13 LT4* .63 .57 72 .64
14 .b8* .44 .52 .54 .49
15 .83% .75 .68 .80 .78
16 .84* .76 .69 .83 .76
17 .75% .62 .63 .67 .70
18- .86* .78 .63 .84 77
19 JT9F .73 .63 .78 .72
20 .78% .72 .64 i .72
21 .85% 77 .70 .84 77
22 .80* .74 .67 .79 .73
23 J75*% .63 .53 72 .66
24 JT0% .62 .54 .69 .63
25 .84 .79 .67 .84* i
26 JT8* .70 .56 77 .70
27 .T4% .66 .61 .73 .66
28 .82* .75 .63 .81 75
29 78% .74 .63 .78 .73
Average .78% .70 .62 .76 .70
Composite .89* .86 .75 .88 .86
Criterion .46* .40 .41 .40 .46

* Best-fitting model.

judge, the Linear and the Logarithmic models provided the best fit, while
the Disjunctive model turned out to provide the worst representations of
any of the five models.

Table 3 provides the parallel values based upon the average cross-
validated correlations. The values in Table 3, as expected when the
number of cases is this large, are virtually identical to those presented in
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TABLE 3

AveraGE Cross-VALpiTy CORFFICIENTS ¥OR KacH oF Five MobrLs
Judge LIN CON DIS LOG EXP
1 .69* .61 .56 .66 .64
2 L 82* .73 .56 .81 .74
3 71 .62 .49 .70 .63
4 JT2% .61 .56 .67 .66
5 .76* .68 .52 .76 .68
6 .80* .69 .62 .76 .73
7 .74* .65 .56 .72 .66
8 .80 .74 .53 .81* .72
9 L81* .74 .62 .81 .73
10 72 .70 .54 L2 .69
11 .84* .78 .61 &4 .77
12 .75% .65 .53 .74 .66
13 JT2% .61 .49 .71 .61
14 . bh* .40 .49 .51 .45
15 .83* .73 .60 .78 77
16 . 84* .75 .64 .82 .76
17 .74* .62 .55 .68 .68
18 . 85* .75 .56 .82 .75
19 JT8* .72 57 .77 .71
20 JTT* .71 .57 .76 .70
21 .84 .76 .64 .83 .76
22 J79% .71 .62 .78 72
23 JT4* .61 .49 .70 .64
24 .69* .61 .46 .67 .61
25 . 83* .78 .61 .83 .76
26 .76* .68 .46 .75 .67
27 73 .62 .55 .71 .64
28 .81* .74 .51 .81 .74
29 JTT* .73 .55 .77 .73
Average Wik .68 .55 .75 .69
Composite . 88* .86 .68 .87 .86
Criterion .41%* .34 .36 .34 .41

* Best-fitting model.

Table 2. The average shrinkage for the judgments was about .01, and for
the criterion about .05. Again, the Linear model provided a better fitting
representation than the Conjunctive or Disjunctive models for all 29
judges, and for 27 of the 29 judges (93%) the Linear model provided the
best fit of all five models. Even for the two judges who were better
represented by the Logarithmic model, once again the differences were
minute.
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TABLE 4
Tue Brst-Frrring MopeL ror Eacu Jupee N EacH SampLe
SAMPLE
A B C D E F G Total
Judge (N) (92) (77)  (103)  (42)  (181)  (166)  (200)  (861)
1 LIN LOG LIN CON LIN CON LIN LIN
2 LOG LIN LIN CON LIN LIN LIN LIN
3 LOG LIN LIN LIN LIN LIN LIN LIN
4 LIN LIN LIN LIN LIN LIN LIN LIN
5 LOG  LIN LIN LIN LIN LIN LIN LIN
6 LOG LIN LIN CON LIN LIN LIN LIN
7 LIN LOG LIN CON LIN LIN LIN LIN
8 LOG LOG LOG LIN LIN LIN LIN LOG
9 LIN LOG LOG LIN LIN LIN LIN LIN
10 LOG LOG LOG DIS LIN LIN LOG LOG
11 LOG LOG LOG LOG LIN LIN LIN LOG
12 LOG LIN LIN LIN LIN LIN LIN LIN
13 LIN LIN LIN LIN LIN LIN LIN LIN
14 LIN DIS LIN CON DIs LIN LIN LIN
15 LIN LIN LIN CON LIN LIN LIN LIN
16 LIN LIN LIN LOG LIN LIN LIN LIN
17 LIN LIN LIN LIN LIN LIN LIN LIN
18 LOG LOG LIN LIN LIN LIN LIN LIN
19 LOG LOG LOG LIN LIN LIN LIN LIN
20 LOG LOG LIN LIN LIN LIN LIN LIN
21 LIN LOG LIN LIN LIN LIN LIN LIN
22 LOG LOG LOG LIN LIN LIN LIN LIN
23 LOG LOG LIN LIN LIN LIN LIN LIN
24 LOG LIN LOG LIN LIN LIN LIN LIN
25 LOG LOG LOG LOG LIN LIN LIN LOG
26 LOG LOG LOG LIN LIN LIN LIN LIN
27 LIN LIN LIN LIN LIN LIN LIN LIN
28 CON LIN LIN LIN LIN LIN LIN LIN
29 LOG LIN LOG LIN LIN LIN LIN LIN
Average LOG LIN LIN LIN LIN LIN LIN LIN
Composite LOG LIN LOG LIN LIN LIN LIN LIN
Criterion LOG LIN LIN LIN LIN LIN LIN LIN

Parallel tables based upon each of the seven samples of MMPI profiles
are available from the author,* and a summary of these results is pre-
sented in Table 4. For each of the seven samples, and for the total sam-

*These additional tables may be obtained without charge from the author at
Oregon Research Institute (P. O. Box 3196, Eugene, Oregon 97403) or for a fee
from the American Documentation Institute.
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ple, the model which provided the best representation for each judge is
listed. By reading down the columns of Table 4, the reader can locate
any inter-sample differences. For the four smallest samples (A, B, C, and
D}, 54% of the comparisons favored the Linear model, 38% the Loga-
rithmic model, 6% the Conjunctive model, 2% the Disjunctive model,
and 0% the Exponential model. However, for the three larger samples
(E, F, and G), 97% of the comparisons favored the Linear model. By
reading across the rows of Table 4, the reader can locate any inter-judge
differences. For example, four judges (4, 13, 17, and 27) were best repre-
sented by the Linear model in all seven samples, while most judges were
represented by the Logarithmic model in a few samples and the Linear
model in the rest. While no judge was best represented by either the
Conjunctive or Disjunctive models in more than two samples, three
judges (10, 11, and 25) were best represented by the Logarithmic model
in five of the seven samples. In general, however, inter-sample differences
were more pronounced than inter-judge differences.

In all of the above analyses, the 11 MMPI scale scores (the cues) were
each expressed in T-score form, with values ranging from about 40 to 120.
Since any linear change of scale will affect the accuracy of the Conjune-
tive, Disjunctive, and Logarithmic models, a final series of analyses was
carried out after linearly rescaling each of the cues so that its lowest
value was 1. The results from one such analysis are presented in Table 5.
This table, which can be compared directly with Table 2, presents the
multiple correlations for each of the five models based upon the total
sample of 861 profiles. Note that when the cue values were rescaled, all
of the 29 clinicians were better represented by the Linear model than by
any of the nonlinear ones. The multiple correlations based on the Linear
and Exponential models were, of course, not changed by cue rescaling. On
the other hand, the correlations for the Conjunctive and Logarithmic
models were somewhat lower, and those for the Disjunctive somewhat
higher, after the cues were rescaled (Table 5), than prior to rescaling
(Table 2).

As has been argued elsewhere (e.g., Goldberg, 1968; Hoffman, 1960,
1968), the power of the Linear model in representing these judgments
must not be construed as implying that the judges were actually
processing the cues in a linear and compensatory fashion. In fact, there
ig additional evidence indicating that at least some of the variance in the
judgments of a number of these clinicians was clearly nonlinear in
character, a finding which makes the present ‘“victory” of the Linear
model all the more significant. Specifically, Wiggins and Hoffman (1968)
concluded that sets of linear and nonlinear signs culled from the MMPI
literature provided better judgmental representations for some of the
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TABLI 5
A Comparison or tHiz Murtipne CoRRELATIONS wiTH THr CUks Ruscankd
Toran SampLe (N = 861)

Judge LIN CON DIS LOG EXP

1 JT0* .61 .64 .65 .65

2 .83% .70 72 i .75

3 JT2% .58 .62 .66 .63

4 J72% .58 .67 .63 .67

5 7T .65 .67 .71 .69

6 .80* .66 .74 .71 .74

7 .75% .63 .66 .69 .67

8 .81* .73 .70 i .73

9 .82% .73 .72 78 .74

10 J73* .71 .68 71 .71
11 .84* .78 .75 .81 .78
12 J76% .62 .65 .69 .66
13 .74% .59 .62 .68 .64
14 . H8* .40 .52 .48 .49
15 .83*% .72 .75 .75 .78
16 .84* .72 75 .78 .76
17 .75% .57 .69 .62 .70
18 .86* .74 .73 .79 . 77
19 ith 71 .70 75 72
20 .78* .68 .70 71 .72
21 .85% .74 .75 .80 77
22 .80* .71 72 .76 .73
23 75% .56 .65 .65 .66
24 JT0% .59 .61 .64 .63
25 .84* .78 .74 .81 77
26 .78* .64 .66 71 .70
27 .T4* .64 .65 .70 .66
28 .82% 72 72 77 .75
29 .78% .70 .71 .74 .73
Average .78%* .66 .68 71 .70
Composite .89% .82 .83 .83 .86
Criterion .46* .37 .46 .37 .46

* Best-fitting model.

judges than did the Linear model alone. As a further test of this finding,
the judgments of each of the 29 psychologists, plus the composite judge
and the criterion diagnoses, were each converted to residual scores, the
linearly predictable variance from the 11 MMPI scale scores having been
partialled out of the residuals. These residual scores thus contain that
variation in the original judgments which is not predictable from a
linear combination of the 11 cues. When each of these 31 residual scores
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were correlated with the MMPI signs described in Goldberg (1965), a
number of highly significant correlations were discovered. The significant
findings from two of these analyses, those focused upon the residual eom-
posite judge and the residual eriterion diagnoses, are presented in Table
6. Note that for the residual composite judge (the judgmental consensus
of all 29 clinicians) 13 nonlinear signs produced significant correlations,
although only the simplest of these signs—the High Point Rules (if the
highest clinical scale on the profile is either Hs, D, Hy, or Pt, diagnose
Neurotic; if not, diagnose Psychotic)—had any significant correlation
with the residual ecriterion diagnoses.

TABLE 6
Stan1FicaNT CorrELATIONS BETWEEN MMPI NoNuiNesrR Stons anp (a) THE
Resmuarn Composite Jupcr aND (b) Tee ResipuaL CrrTERION DIiacNosIs

(N = 861)
Residual Residual
Sign judge criterion
High Point Rules (23 .08*
No. of clinical scales < 45 L23%% .04
Variance of Pa, P, & Sc L202%* .03
Peterson signs .21 %* .05
Rank of Ma — . 12%* —.02
Taulbee-Sisson signs — . 10%* —.03
No. of clinical scales > 55 —.09* —.04
F X 8¢ —.09* .02
Pd X 8¢ — . 09* .01
K X 8¢ —.08* .01
L X 8e — . 08* .03
Rank Pa — . 08* —.02
Rank D .08* .03

Note: For an explanation of each of the signs, see Goldberg (1965).
*p < .05,
**p < .01,

DISCUSSION

The findings from the present study seem reasonably clear: The Linear
model generally provided a better representation of the diagnostic judg-
ments of these 29 clinical psychologists than did either the Conjunctive or
the Disjunctive models. And, of the five models utilized in this study,
only the Logarithmic model provided the Linear model with any real
competition.

Seemingly, these findings are in direct contradiction to those of Einhorn
(1971). Since the case for the relative utility of Einhorn’s nonlinear
models is strongest in his job preference study, let us examine the
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wmethodological differences between that study and the present one. One
can isolate at least ten differences between the two studies:

(a) the kind of judges (non-professionals vs professionals);

(b) the type of task (job preferences vs differential diagnoses);

(¢) the number of cues (2-6 vs 11);

(d) the values for each cue (discrete vs relatively continuous);

(e) the intercorrelations among the cues (contrived vs representative) ;

(f) the type of judgmental response (ranking vs rating);

(9) the resulting distribution of responses (rectangular vs normal);

(h) the number of cases (30 vs 861);

(7) the statistic used for comparing models (rank-order vs product-
moment correlations) ;

(j) the use of “control” models {none vs two).

Clearly, one long-term goal of judgmental research must be the discovery
of the effects of these variables upon the accuracy of various judgmental
representations. In addition, future investigators who compare the Con-
junctive or Disjunctive models with the Linear model should (a) use
reasonably large and representative samples of experimental protocols,
(b) include enough “control” models so as to make the findings as unam-
biguous as possible, and (¢) pay special heed to the enormous problems
involved in the use of models involving logarithmic or other nonlinear
transformations of the original cues. Let us briefly consider each of these
issues in turn.

Egon Brunswik (1947, 1955, 1956) has argued cogently for the use of
“representative” research designs if experimental results are to be
generalized outside the laboratory setting. On the other hand, it is often
necessary to use a selected set of nonrepresentative protocols (e.g., “eriti-
cal cases”) in order to utilize some powerful statistical technique or to
compare the predictions made by two or more highly correlated models.
For example, in using an analysis-of-variance model for testing the sig-
nificance of interaction effects (e.g., Hoffman, Slovie, & Rorer, 1968}, it
is typically necessary to use a contrived set of protocols in which all cues
are orthogonal. And, in order to test for differences in the accuracy of
highly correlated judgmental models (e.g., Linear vs Conjunctive}, it
may sometimes be necessary to utilize a set of protocols which, while
statistically rare in nature, provide fine-grained illumination at just those
points where the competing models generate diverse predictions. Fortu-
nately, however, it is not necessary to purchase these special cases at the
cost of nonrepresentative design. Instead, an ideal set of protocols should
be both representative vis-a-vis the correlations among the cues {(with
the result that the judge is provided with as natural a judgmental
problem as possible) and large enough to include a sizable subset of
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“eritical” protocols for which the cue values are orthogonal or otherwise
constrained.

The case for adequate controls in experimental investigations has been
made often enough, and well enough, that it should not need to be
repeated once again. Yet, judgmental investigators seem particularly lax
in constructing “control” models as bridges between the ones they partic-
ularly wish to compare. If a judge’s responses are predicted better by the
Conjunctive than the Linear model, is he really using a “multiple-cutting-
score” strategy? As Hoffman (1960) originally pointed out when he
coined the term “paramorphic” representation, we can never know with
certainty the exact process used by a judge; all we can do is to compare
alternative models, and hopefully discover one which predicts his re-
sponses as highly as their reliability permits. Consequently, before infer-
ring that a judge is using a Conjunctive decision process, we must
certainly rule out the possibility that he simply tends to minimize the
differences among high (or low) cue values when making his judgments.
Control strategies, such as the Logarithmic and the Exponential, could
provide a gross test of this competing hypothesis.®

However, these two models, like the Conjunctive and Disjunctive
approximations proposed by Einhorn, invelve nonlinear transformations
of the original cues and/or the judgmental responses. And, as Stevens
(1968) has repeatedly emphasized, all such transformations lead to
results which are completely arbitrary, unless the cues (and responses)
are measured on a ratio scale. That is, without some natural zero point,
the logarithms (and hence the accuracy of the Conjunctive model) will
change with any linear change of scale. And, additionally, without some
natural “upper bound” (the constant @; in Table 1), the accuracy of the
Disjunctive model will also be changed with any change of scale.! In

*By computer simulation, it was possible to construct hypothetical judges pro-
grammed to apply various strategies to the 861 MMPI profiles, and then to discover
the extent to which each of the five models captured each of these known strategies.
In one such simulation, a hypothetical judge programmed to use a Logarithmic
strategy was better represented by the Conjunctive model (R == .999) than by the
Linear model (R = 840). In a real study, an investigator might easily conclude
that such a judge was using a multiple-cutting-score strategy if the Logarithmic
model . (R =1.00) was not included as a control. As a second example, a hypo-
thetical judge programmed to use an Exponential strategy was better represented
by the Conjunctive model (B — .988) than by the Linear model (R = 504). Again,
an unsuspecting investigator might conclude erroneously if the Exponential model
(R =1.00) was not included in his study.

® Additional analyses were carried out using different values of the constant a:
in the Disjunctive model. While the values of the multiple correlations varied with
each new value of a;, the coneclusions derived from the analyses displayed in Tables
2-5 did not.
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this sense, then, Einhorn’s approximations of the Conjunective and Dis-
junctive strategies, as well as the Logarithmic and Exponential models
used in the present study, all lead to arbitrary findings, as long as the
cues and responses are not measured on ratio scales. And, since few
psychological variables are ever measured with such precision, Einhorn’s
models must be viewed as but crude first approximations to the sort of
model needed to capture the notion of Conjunctive and Disjunctive
decision strategies.
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TABLE A
A ComparisoN oF THE MurripLe CORRELATIONS FOR EacH oF Frve MobpeLs
SamrLe A (N = 92)

Judge LIN CON DIS LOG EXP

1 .83* .73 .56 .83 .72

2 .88 .80 .63 .88* .78

3 .81 .75 .60 .82* .73

4 .79% .12 .57 77 .72

5 .78 .71 .55 itk .70

6 .91 .85 .67 J91* .82

7 .84* .73 .63 .84 .73

8 .77 .78 .49 .81* .73

9 .89* .80 .69 .89 .79

10 .79 .79 .57 .80* .75
11 .87 .87 .67 .90* .82
12 .81 .72 .59 .82% .71
13 .87* .77 .67 .86 .76
14 JT4* .60 .60 .71 .63
15 .84* 7 .66 .80 .82
16 L91% .80 .67 .90 .80
17 .69* .65 .51 .69 .66
18 94 .90 .67 .95* .86
19 .92 .86 .65 .92% .82
20 .81 .80 .60 .84* .76
21 .92* .81 .72 .91 .81
22 .92 .86 .71 .93* .83
23 .86 .78 .59 .87* .75
24 .78 .75 .50 .80% .71
25 91 .84 .66 .92*% .82
26 .83 .78 . .55 .84* .75
27 .76* .69 .64 74 .69
28 .72 JTT* .51 .76 .72
29 .74 il .53 L78% .73
Average .83 77 .61 .84* .75
Composite .92 .91 .73 .93* .89
Criterion .55 .57 .41 5T* .55

* Best-fitting model.
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TABLE B
A Comparison oF THE MuLTipLE CoRRELATIONS FOR KacH oF Five MobpEuLs
Sampre B (N = 77)

Judge LIN CON DIS LOG EXP
1 .59 .55 .51 .61* .54

2 .88 .79 .70 .87 .79

3 ik .69 .61 i .66

4 .86* 77 .78 .84 .79

5 .85*% .75 .68 .84 .75

6 .85%* .76 .75 .82 .79

7 .85 .81 ] .86* .79

8 91 .84 .73 .92% .82

9 .86 .80 .66 87* .76
10 .86 .81 .76 .86* .80
11 .92 .86 .75 .93* .84
12 .84* .71 .74 .78 .76
13 .80 .72 .70 .78 .72
14 .56 .57 .59* .55 .52
15 .88* 77 77 .83 .83
16 87* .78 .75 .86 .79
17 .83* st .79 .74 .81
18 .89 .82 .70 .89%* .79
19 .85 .80 .69 .86* 77
20 .91 .85 .75 J91* .83
21 .87 .79 .73 .88%* .78
22 .90 .86 .76 .91% .85
23 ik 77 .68 itk .1
24 .78* .68 .66 75 .71
25 .92 .85 .74 .92% .83
26 .88 .80 .70 .89% .78
27 .90* .83 .76 .89 .82
28 .90* .83 .71 .90 .81
29 .85* 77 .75 .84 .79
Average .84* 77 .71 .83 v
Composite .93* 91 .85 .93 .91
Criterion .49* .49 .40 .49 .49

* Best-fitting model.
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TABLE C
A Comparison oF taE MvurripLe CORRELATIONS FOR EacH or Five MoprLs
Samrre C (N = 103)

Judge LIN CON DIS LOG EXP

1 J79* .70 .61 77 .70

2 .89* .80 .74 .87 .82

3 .82%* .74 .63 .80 .75

4 .85% .75 .70 .82 .77

5 .87* .76 .67 .84 .78

6 .88* 77 .72 .85 .81

7 .82% .75 .70 .81 .75

8 .90 .84 .70 J91% .81

9 .90 .84 .73 L91* .81
10 77 .74 .64 ik .73
11 .93 .88 .75 .93* .86
12 .86* .76 .64 .86 .75
13 .84%* 72 .65 .83 .72
14 . b8* .52 .55 .54 .02
15 . 88* .75 .68 .83 .80
16 .91* .82 .76 .89 .83
17 .83* .71 .65 .79 .75
18 .90* .81 .67 .90 .79
19 .82 .78 .67 .83* .77
20 .90* .86 v .89 .85
21 .93* .86 77 .93 .86
22 .84 .79 .70 .84* .77
23 .89* .79 .66 .88 .80
24 .74 .72 .59 J74* .70
25 .92 .88 .75 .92* .86
26 .87 .81 .66 .88* .79
27 .87* .82 .73 .86 .82
28 .92% .83 .69 R .83
29 .86 .79 .69 .86* .78
Average .85% .78 .68 .84 .78
Composite .94 .92 .80 .95% .91
Criterion .50¥* .46 .48 .46 .50

* Best-fitting model.
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TABLE D
A ComparisoN oF THE MuLripLE CORRELATIONS FOR FacH oF Five MoDELS
Sampie D (N = 42)

Judge LIN CON DIS LOG EXP

1 .77 .83* .75 .81 .74

2 .87 .88* .76 .85 .85

3 .83* .76 .81 .79 .80

4 .87* .84 .76 .83 .84

5 .86* 77 .74 .85 .78

6 .85 .86* .83 .84 .84

7 .83 .85% .72 .84 .78

8 .89* .80 .75 .87 .81

9 .88* .83 .74 .87 .82

10 .74 .68 .78* .70 .74
11 .93 .86 .80 .93* .85
12 .82* .76 .67 .79 .79
13 .80* .67 .63 .78 il
14 .81 .84* .76 .82 77
15 .86 .89% .78 .87 .84
16 .88 .90 .81 .91% .82
17 .81* .81 .69 7 .7
18 .91* .82 .70 .86 .85
19 .84* .79 .76 .81 .81
20 7T .73 .70 .75 .74
21 .88* .75 .72 .86 .76
22 81* .71 .70 .78 .73
23 .76* .62 .71 .72 .66
24 L79* .75 .63 .79 .76
25 .87 .81 .73 87 .80
26 .85% .84 .73 .84 .82
27 .88* .79 .72 .86 .81
28 .90* .88 .80 .89 .86
29 .88* .85 .79 .88 .85
Average .84* .80 .74 .83 .79
Composite .93% 91 .86 .92 .92
Criterion .66* .62 .57 .62 .66

* Best-fitting model.
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TABLE E
A ComparisoN or tHE MuLrirLE CORRELATIONS FOR KacH oF Five MobpeLs
Samrre E (N = 181)

Judge LIN CON DIS LOG EXP

1 .74% .68 .66 .67 .73

2 .85% .74 .7 .81 7

3 .69% .59 .58 .65 .62

4 .68% .54 .61 .58 .64

5 .82*% .72 .67 .78 .76

6 JTR* .65 .76 .66 77

7 .70% .63 .60 .68 .65

8 .84* .79 .67 .84 i

9 .82* .74 .68 .81 .74
16 .76%* .70 .65 .74 .71
11 .86* .79 .69 .84 .79
12 .78* .67 .61 .75 .69
13 .7T6* .65 .61 .73 .67
14 .59 .47 .60* .54 .51
15 . 84% .76 .73 .78 .81
16 .85% .76 .72 .82 .79
17 T .54 .58 .62 .64
18 .88* il .74 .75 .83
19 .84* .76 .70 .81 77
20 .80* .71 .69 77 .73
21 .88* .79 .74 .87 .79
22 82% .74 .68 .80 .74
23 JTT* .67 .66 72 .70
24 .66* .59 .65 .61 .65
25 .83* 77 .65 .82 .76
26 JT72* .59 .54 .68 .61
27 82* .73 .67 .81 .74
28 .87 .69 .73 .76 .81
29 .80* .74 .71 .78 .75
Average ith .69 .67 T4 .72
Composite .88* .83 .80 .85 .86
Criterion .55% .49 .53 .49 .55

* Best-fitting model.
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TABLE F
A ComparisoN oF THE MurripLE CORRELATIONS FOR FacH oF Five MobprLs
SamrreE F (N = 166)

Judge LIN CON DIS LOG EXP

1 .72 J73* .66 .71 71

2 .84 .75 .71 .82 .77

3 it .72 .65 .78 .72

4 .81% .72 .75 .75 77

5 .80* .73 .65 .79 .73

6 .81%* .72 it .78 .74

7 71 .68 .66 .63 .66

8 .87* .80 .68 .87 .79

9 .85* .79 .70 .83 .79

10 .88* .88 .75 .88 .85
11 .92* .86 77 .90 .85
12 7T .65 .64 .71 val
13 JTT* .68 .67 .75 .70
14 J71* .59 .67 .67 .63
15 .88* .80 .78 .81 .85
16 .86* .78 .73 .84 .19
17 .83* .69 .78 72 .81
18 .89* .78 .74 .84 .83
19 718* 72 .67 77 .72
20 .86* i .72 .83 .78
21 .90 .84 .76 .88 .84
22 .80* .76 .71 .79 77
23 .80* .68 .69 .76 .72
24 .81% .67 .65 .76 .72
25 .92% .88 .76 .92 .86
26 .83% .77 .69 .81 77
27 .69* .59 .65 .63 .63
28 .91* .84 .76 .90 .85
29 .85% .78 74 .83 .79
Average .82% 14 .71 .79 .76
Composite L91* .88 .81 .90 .89
Criterion .49* .45 .46 .45 .49

* Best-fitting model.
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TABLE G
A Comparisox oF tuE Murrierr CorRELATIONS ¥OR KacH oF Five MoprLs
SameLe G (N = 200)

Judge LIN CON DIS LOG EXP

1 .81%* .74 73 .79 .76

2 87* JTT 72 .85 .78

3 L79* .72 .68 .78 .73

4 .81* J72 .68 .78 .73

5 .84* 75 .68 .82 75

6 .89* .83 77 .88 .83

7 .85% .76 12 .83 .76

8 .87 .81 .72 .87 .80

9 .90% .83 .75 .89 .82
10 .84 .82 71 .85* .81
11 .92% 87 76 .91 .85
12 L82* .75 .67 .81 .75
13 .78* .70 .65 T .69
14 .66* .50 .58 .61 .55
15 8T .78 73 .84 .80
16 .89* .82 75 .88 .82
17 .83* .70 .69 .78 .74
18 .89* .80 .68 .88 .80
19 .83* 78 .69 .83 77
20 .84* 76 .70 .83 .76
21 .92% .86 77 91 .84
22 .88* .81 .74 .87 .81
23 JTTE .63 .67 73 .68
24 JTT* 72 .64 77 71
25 .89% .83 74 .89 .82
26 .83* .73 .62 .81 73
27 .89* .85 74 .89 .84
28 .88* .79 .71 .87 .79
29 .84* ird .70 .83 78
Average .84* 77 .70 .83 77
Composite .93* .90 .83 .92 91
Criterion .65% .62 .61 .62 .65

* Best-fitting model.



