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Evaluating Reading Diagnostic Tests:
An Application of Confirmatory Factor
Analysis To Multitrait-Multimethod Data
Herbert W. Marsh and Susan Butler
The University of Sydney

Diagnostic reading tests, in contrast to achievement
tests, claim to measure specific components of ability
hypothesized to be important for diagnosis or remedia-
tion. A minimal condition for demonstrating the con-
struct validity of such tests is that they are able to dif-
ferentiate validly between the reading traits that they
claim to measure (e.g., comprehension, sound dis-
crimination, blending). This condition is rarely tested,
but multitrait-multimethod (MTMM) designs are
ideally suited for this purpose. This is demonstrated in
two studies based on the 1966 version of the Stanford

Diagnostic Reading Test (SDRT). In each study, the
application of the Campbell-Fiske guidelines and con-
firmatory factor analysis (CFA) to the MTMM data in-
dicated that the SDRT subscales could be explained in
terms of a method/halo effect and a general reading
factor that was not specific to any of the subscales;
this refutes the construct validity of the 1966 version
of the SDRT as a diagnostic test. Other diagnostic
tests probably suffer the same weakness and should
also be evaluated in MTMM studies.

Reading achievement tests measure overall read-
ing performance. In contrast, diagnostic tests are
designed to analyze specific strengths and weak-
nesses in particular areas of reading that are hy-
pothesized to be important for diagnosis or reme-
diation. Diagnostic tests result in separate subscale
scores, and interpretations are based on differences
between subscales or on a profile of the scores.
Authors of measurement textbooks (e.g., Anastasi,
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1976; Cronbach, 1970; Thomdike & Hagen, 1977)
point to the difficulties inherent in the interpretation
of profiles and difference scores. The most obvious
cause of such difficulties might be a diagnostic
test’s failure to measure differentially the skills in
the various areas that it claims to assess. Anastasi

(1976) discussed this problem in more detail, in-
dicating that different diagnostic tests vary sub-

stantially in the quality of their design. She de-
scribed the 1966 version of the Stanford Diagnostic
Reading Test (SDRT; Karlsen, Madden, & Gard-

ner, 1966) as an example of a diagnostic test that
is well constructed.
The demonstration of the validity of a diagnostic

test requires (1) that it is able to differentiate validly
between components that it claims to measure, and
(2) that these components are useful for diagnosis
or remediation. The satisfaction of the first con-
dition is prerequisite for satisfaction of the second,
and thus serves as a necessary but not sufficient
condition for demonstrating the construct validity
of a diagnostic test. However, there are no com-
monly employed strategies that are effective for
testing this condition, though test manuals often
do report the reliability of each subscale and the
correlations among the different subscales. A su-

perior approach that has not been widely used in
evaluating diagnostic tests (Coles, 1978) is the ap-
plication of multitrait-multimethod (MTMM) stud-
ies (Campbell & Fiske, 1959; Marsh, Bames, &

Hocevar, in press; Marsh & Hocevar, 1983). With
this approach, multiple traits (e.g., the diagnostic
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test subscales) are each assessed by different meth-
ods (e.g., results from different tests, ratings by
teachers or experts).

Convergence or convergent validity refers to

agreement between multiple methods of assessing
the same trait. Divergence or discriminant validity
provides a test of whether agreement between mul-
tiple indicators of the same trait can be explained
in terms of a generalized agreement that incorpo-
rates all the subscales, or whether the agreement
is specific to the content of the particular trait. If
a reading diagnostic test has little or no discrimi-
nant validity, then it does not satisfy the first con-
dition for demonstrating the validity of diagnostic
tests and has little value as a diagnostic tool, even
though it may still provide a valid indication of
overall reading ability.
Campbell and Fiske (1959) argued that the level

of generality that can be inferred from convergence
falls along a continuum where the extremes rep-
resent reliability (two maximally similar methods)
and validity (two maximally dissimilar methods).
In some MTMM studies the &dquo;different&dquo; methods
are really quite similar (e.g., alternative forms,
split-halves, or test-retest data) and convergence
refers to a level of generality that is normally de-
scribed as reliability or stability. Other MTMM
studies employ methods that are quite distinct (e.g.,
test scores, teacher ratings, and student self-re-
ports) and convergence refers to a level of gener-
ality that is more commonly described as validity.
However, it is important to recognize that MTMM
analysis can legitimately be applied in each type
of study, and that the actual mechanics of the anal-
ysis will be the same whether the &dquo;different&dquo;
methods are quite similar or quite dissimilar. Marsh
et al. (in press) discussed this distinction, arguing
that MTMM studies that simultaneously assess sev-
eral types of method variation in the same design
provide a stronger basis for the examination of
construct validity than do studies based on just one
source of method variation.

The Present Investigation

The purposes of this investigation were to de-
scribe the design of MTMM studies for the eval-
uation of diagnostic tests, and to demonstrate dif-

ferent procedures for analyzing the MTMM data.
This investigation examined the discriminant va-
lidity of the SDRT subscales, and tested their abil-
ity to distinguish between the different components
of reading that the test claims to measure.
The data came from two previously published

studies in which the five subscales that are common
to Levels I and II of the 1966 version of the SDRT
were administered. The SDRT was chosen because
it appeared to be the best diagnostic reading test
available in Australia, and it is considered to be a
well-constructed diagnostic reading test (Anastasi,
1976; also see review by Kasdon, 1972). Subse-
quently, a different version of the SDRT has been
developed (see review by van Roekel, 1978), so
findings of this study that refer to the effectiveness
of the SDRT may not generalize to the newer ver-
sion.

Study 1

Method

Materials and procedures. The materials, pro-
cedures, and sample for this longitudinal study are
described elsewhere in more detail (Butler & Marsh,
1983; Butler, Marsh, Sheppard, & Sheppard, 1982,
1983, in press) and so are summarized only briefly
here. A battery of tests was administered in kin-
dergarten in 1974 and various reading achievement
and academic measures were collected in 1975,
1976, 1977, and 1980. The primary focus of the
present study was on the five SDRT subscales that
are common to Levels I and II of the test (admin-
istered in 1977 and 1980) and on teacher ratings
designed to parallel the SDRT subscales (collected
only in 1980). In addition to the MTMM analyses,
the relationships between the SDRT and other cri-
teria were examined. These criteria include (1) total
reading scores, representing a weighted average of
reading tests administered in 1975 and 1976 (see
Butler et al., 1982, 1983, in press); (2) results from
the Schonell Graded Word Reading test (Schonell
& Schonell 1955) for 1977 and 1980; and (3) the
end-of-year-six assessments in language and math-
ematics for 1980 (the results of a standardized as-
sessment conducted in all public schools in the state
of New South Wales). SDRT summary scores were
computed by taking the sum of the five subscale
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scores after each had been standardized to have a

mean = 0.0 and a standard deviation of 1.0.

Teachers, in addition to rating the five specific
components of reading, also judged overall reading
ability.

Sample. In 1974 the initial sample consisted
of all kindergarten pupils in seven schools from
the St. George area of metropolitan Sydney. (In
New South Wales, kindergarten is the first year of
mandatory schooling.) This public school district
was chosen because it was felt to be representative
of the diversity of socioeconomic levels and cul-
tural backgrounds in metropolitan Sydney, and the
results of the standardized measures and the end-

of-year-six assessments suggested that the mean
academic ability of these children was about av-
erage.

At the start of the study, tests were administered
to 392 children (52% males) who varied in age
from 5.0 to 7.1 years (mean age = 5.6 years). In
subsequent years, materials were administered
whenever a child from the sample could be located.
A child was dropped from the study only in those
cases when he/she moved out of the state or when

no forwarding address was provided. Results in the
present analysis are based on the 286 children from
the original sample who were also tested in 1980,
but a check indicated that the other 106 children
who were in the original sample did not differ from
this sample in terms of intelligence scores, which
were collected for all subjects in 1974 (Butler &

Marsh, 1983; Butler et al., 1982, 1983, in press).

Results

Campbell-Fiske guidelines. The MTMM ma-

trix (Table 1) represents correlations among 15 var-
iables-the five reading traits measured by the SDRT
in 1977 and again in 1980, and by the parallel set
of teacher ratings from 1980. Application of the

1Campbell and Fiske (1959; also see Marsh et al , in press;
Marsh & Hocevar, 1983, 1984) proposed four guidelines for

examining MTMM matnces. These are: (1) convergent valid-
ities, correlations between multiple indicators of the same trait,
should be statistically significant and substantial; (2) convergent
validities should be higher than other correlations in the same
row or same column of the same square submatrix (i e., the

Campbell-Fiske guidelines’ to this MTMM matrix
reveals that:

1. Convergence coefficients (the underlined val-
ues in the diagonals of the square submatrices)
are statistically significant and substantial (mean
r = .57), offering support for the first guide-
line that demonstrates the convergent validity
of the reading trait measures.

2. Convergent validity coefficients (mean r =

.57) are only slightly higher than other cor-
relations in the square submatrices (mean r
= .53), and only 3 of the 15 are higher than
the other 8 correlations in the same row or

column of the square submatrix. Thus, support
is weak for the second guideline and this aspect
of divergent validity.

3. Convergent validity coefficients for the two
administrations of the SDRT (mean r = .60)
are only slightly higher than the correlations
among the different scales within either
administration (in the triangular submatrices-
mean r = .53), and none of the five conver-
gent validities is higher than all eight corre-
lations involving the same scale. Convergent
validities representing agreement between
teacher ratings and test scores (mean r = .56)
are substantially lower than correlations among
teacher ratings of the different subscales (mean
r = .90). These results fail to support the third
guideline or this aspect of discriminant valid-
ity, and suggest a large method/halo effect.

4. Correlations between reading comprehension
and the other traits are consistently large and
suggest a general reading factor, which is best
represented by this scale.

The application of the Campbell-Fiske guide-
lines offers good support for the convergent valid-
ity of the SDRT subscales, but not for their dis-
criminant validity. Instead, the convergent validity
for each trait appears to be a function of agreement

heterotrait-heteromethod block); (3) convergent validity for each
variable should be higher than correlations between that variable
and other variables in the same row or column of the corre-

spondmg triangular submatrices (i.e., the heterotrait-mono-

method block), and (4) the pattern of correlations in each of
the submatrices should be similar.
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on a general reading factor that incorporates each
of the different subscales.2,3

Correlations among the three summary scores

(mean r = .75) are also higher than any of the 15
convergent validities. Even within each of the square
submatrices, none of the convergent validities ex-
ceeds the correlations involving the same variable
and the summary scores. These findings further
argue that convergent validity for each specific
subscale is a function of agreement on a generalized
reading factor and not on the specific content of
that subscale.

Confirmatory factor analysis (CFA). The

Campbell-Fiske guidelines are informative and

widely used, but recent methodological advances
have emphasized the use of CFA in MTMM studies

2Interpretations based on the Campbell-Fiske guidelines are

complicated by the fact that the reliabilities of various traits
may differ. Some researchers suggest that correlations should
be corrected for attenuation while others argue that this is gen-

erally not appropnate However, this is not a problem with the
CFA of MTMM data since the reliabilities of measured variables

and factors are estimated, and coefficients are corrected for

unreliability as part of the analysis.

3An anonymous reviewer noted that the SDRT is designed to
differentiate among poor readers so that many of the subtests
have a large number of easy items, and this results in skewed
distributions that may affect the observed correlations. This is

most likely to have a noticeable effect when the measured var-
iables are differentially skewed. The reviewer suggested that
this potential problem could be remedied by normalizing scores
for each of the subscales before computing correlations in the
MTMM matrix. The problem is also troublesome in the CFA
of MTMM data where the effect of violations in assumptions
of normality on maximum likelihood statistics is not well under-
stood. For comparisons based on two sets of scores from the
same test (e.g., Levels I & II of the SDRT) differentially skewed
distributions are likely to bias the results in favor of demon-
strating discriminant validity, since the same subscale will prob-
ably have a similar skew on both versions of the same test.

Furthermore, in the present application, the lack of discriminant
validity for the SDRT subscales resulted not from low conver-
gent coefficients that might be attributable to differentially skewed
distributions, but from the large correlations among scores that
were designed to measure different traits; these would become
even larger if differential skews did affect the correlations and
the scores were normalized. Consequently, substantive conclu-
sions in this investigation are unlikely to be influenced by this
problem, but it may be an important issue in other applications.

(see Kenny, 1979; Marsh et al., in press; Marsh
& Hocevar, 1983, 1984; Schmitt, Coyle, & Saari,
1977). For this approach, MTMM matrices are fac-
tor analyzed and the results are used to infer the
underlying constructs. High loadings on factors de-
fined by multiple indicators of the same reading
trait support the construct validity of the trait. High
loadings on factors defined by variables measured
with the same method argue for a method/halo ef-
fect. High loadings on a single factor defined by
all measured variables argue for a general reading
factor. With CFA the researcher can specify alter-
native models and test their ability to describe the
data (J6reskog, 1969, 1974; Marsh et al., in press;
Marsh & Hocevar, 1983, 1984). Thus, the MTMM
analysis can be viewed as a special application of
CFA with a priori factors that correspond to meth-
ods and traits.
The MTMM application considered here con-

sisted of five trait factors (the reading traits) and
three method factors (the two sets of SDRT scores,
and the one set of teacher ratings), and all eight
factors appeared in the first CFA model. CFA per-
formed with LISREL V (Joreskog & S6rbom, 1981)
requires the specification of three matrices that are
conceptually similar to matrices resulting from tra-
ditional/exploratory factor analyses: Lambda Y, the
matrix of factor loadings; Psi, the matrix of cor-
relations among factors; and Theta Epsilon, a di-
agonal matrix of error/uniquenesses that are similar
to one minus the communality estimates. In the
CFA models considered here:

l. Factor loadings in Lambda Y are constrained
to define a priori trait and method factors. For
each factor, one measured variable is desig-
nated to be a reference variable and its factor

loading is set to be 1.0, other factor loadings
for variables designed to measure the factor
are free to be estimated by CFA procedure,
and all other factor loadings are fixed or con-
strained to be zero.

2. Correlations among the factors in Psi are con-
strained so that correlations between trait and
method factors are zero, while correlations

among method factors and among trait factors
are free to be estimated. Factor variances in
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the diagonal of the Psi matrix are also esti-
mated.

3. The error/uniquenesses in Theta Epsilon are
constrained to form a diagonal matrix so that
the error terms are uncorrelated.

Model 1, with three method factors and five trait

factors, is the standard model used in MTMM stud-
ies. However, it failed to reach a stable solution

(i.e., to converge) after 500 iterations, and this
typically indicates a problem with the data. Despite
the fact that the model did not converge, LISREL

V still provided parameter estimates for Model 1.
Although these estimates must be interpreted cau-
tiously, they may still provide insight as to why
the model did not converge. In this application,
each of the three method factors was well defined

in that all the factor loadings and factor variances
were statistically significant. However, the five trait
factors were not well defined, and only the first

two had factor variances that differed significantly
from zero. This finding suggests that trait factors
3, 4, and 5 did not measure any reliable variance,
as well as providing a likely explanation for why
Model 1 failed to reach a stable solution and ar-

guing against the discriminant validity of these
reading traits.

Based on the suggestion that three of the trait
factors account for no variance, Model 2 hypoth-
esized that each of the measured variables used to

define these three trait factors is explained in terms
of a method/halo effect alone (plus error/unique-
ness). Thus, the model contained only two trait
factors.

Inspection of the parameter values for Model 2
(Table 2) provides a better understanding of the
CFA model. Parameters with the values of 1.0 or

0.0 are fixed in order to define the CFA model in

accordance with the description presented earlier,
while all other parameters are free to be estimated.
Each method factor is defined by measured vari-
ables assessed by the same method, while each trait
factor is defined by multiple indicators of the same
trait. The pattern of parameters in Model 1 differed
from Model 2 only in that multiple indicators of
Traits 3 to 5 defined three additional trait factors.
In Model 2, unlike Model 1, most of the factor
loadings and all of the factor variance estimates

are statistically significant, and Model 2 required
only a small number of iterations to reach a stable
solution. The goodness-of-fit indices that are de-
scribed below also indicate that Model 2 provides
a reasonable fit to the data. Thus, Model 2 is pref-
erable to Model 1.

The LISREL V program, after testing for iden-
tification, attempts to minimize a likelihood func-
tion that is based on differences between the orig-
inal and reproduced correlation matrices, and it

provides an overall chi-square goodness-of-fit test.
However, this goodness-of-fit test is strongly in-
fluenced by sample size, so that a reasonably good
fit will be rejected if based on a large sample size,
while a poor fit will be accepted if based on a small
sample size. Alternative goodness-of-fit indices in-
clude (1) the ratio of the chi-square to the degrees
of freedom, (2) the mean square residual (MSR)
based on differences between the original and re-
produced correlation matrices (see Joreskog & S6r-

bom, 1981), and (3) coefficient delta (Bentler &

Bonett, 1980), which scales the goodness-of-fit along
a continuum that varies between 0 and 1. None of
these indices of goodness-of-fit has been univer-
sally endorsed (see Bentler & Bonett, 1980; For-
nell, 1983; Marsh et al., in press; Marsh & Ho-

cevar, 1983, 1984), and each is considered in

evaluating the alternative models described below.
Further alternative models were proposed to de-

scribe the MTMM data, and their ability to fit the
data is summarized in Table 3. The null model

(Model 0) is used to define the zero point for coef-
ficient delta, and proposes that each of the 15 mea-
sured variables represents a separate factor that is
uncorrelated with other factors. Model 1, as de-
scribed earlier, did not converge and so no good-
ness-of-fit indices are presented for it. Model 2,
whose parameter estimates appear in Table 2, pro-
vides a reasonable fit to the data. Models that hy-
pothesized either a single general reading factor
with no specific trait or method factors (Model 3),
three method factors but no trait factors (Model 4),
or five trait factors but no method factors (Model
5) each did substantially less well than Model 2,
though the method-factor-only model (Model 4)
provides a reasonable fit to the data. Model 6 pro-
posed three method factors and one general reading
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TABLE 2

Confirmatory Factor Analysis Parameter Estimates for Model 2 in Study 1

Note. Parameters with values of 1.0 or .00 were fixed in order to define

the CFA model, and thus there are no tests of statistical significance for
these parameters. LISREL provides estimates and tests of statistical
significance for all other parameters.

factor that was defined by all 15 measured vari-

ables. This model provides a good fit to the data
and one that is superior to Model 2 (i.e., the dif-
ference in chi-square values for the two models is
statistically significant when evaluated against the
difference in degrees of freedom).

Inspection of the goodness-of-fit indices for the
alternative models, and particularly for Model 6,
demonstrates the lack of discriminant validity for
the reading traits. Model 6 proposed that each mea-
sured variable can be explained in terms of method
variance and a single, general reading factor that
incorporates all the different subscales. In Model
6 all the measured variables load significantly on
the general reading factor, demonstrating that this

factor does reflect all the measured variables. Model

6 also provides a better fit to the data than do any
of the models that propose specific trait factors.

Thus, while the CFA of the MTMM data pro-
vides a more rigorous test than the Campbell-Fiske
guidelines, the conclusions are similar. However,
the strongest evidence against the discriminant va-
lidity of the reading traits came from the CFA Model
6, defined by just method factors and a general
factor, and support for such a model could not

easily be inferred simply from the application of
the Campbell-Fiske guidelines. Such a model is

particularly useful in evaluating diagnostic tests,
and demonstrates the flexibility of the CFA ap-
proach for this purpose.
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Correlations with other criteria. The other cri-

teria considered in Study 1 (see Table 1) include
five measures of reading/language, and each is sub-
stantially correlated with the three summary scores
representing the two sets of SDRT scores and the
set of teacher ratings (mean r = .70). This dem-
onstrates that summary scores for the SDRT, as
well as for teacher ratings, are quite effective at
differentiating among subjects in terms of overall
reading performance. Only one variable in Table
1, the end-of-year-six assessment in mathematics,
is specifically not a reading measure. Although this
score is substantially correlated with the reading
measures, the three summary reading scores are
more highly correlated with other measures of read-
ing/language than with this measure. This suggests
that the reading scores are measuring a character-
istic that can be differentiated from mathematical

achievement.

Study 2

Method

Materials. The materials and sample for Study
2 are also described elsewhere in more detail (Marsh,
Smith, Bames, & Butler, 1983), and so are sum-
marized only briefly here. The measures were col-

lected near the middle of Grade 4 (Time 1) and/or
again near the end of Grade 4 (Time 2). As in
Study 1, the focus was on the five reading traits
assessed by the SDRT (Time 2 only) and the cor-
responding teacher ratings (Time 1 & Time 2).
Additional criteria included results from the GAP

Reading test (McLeod, 1977), teacher ratings of
mathematics ability, student self-concepts in read-
ing and mathematics (Marsh et al., 1983), and an
objective mathematics test which was administered
at Time 2 only. Summary scores for the SDRT and
teacher ratings were defined as in Study 1.

Sample. The sample (see Marsh et al., 1983)
consisted of five fourth-grade classes from two
Catholic primary schools in Sydney, Australia. The
children varied in age from 8 to 11 years, came
from predominantly middle-class families, and were
about average in terms of academic ability. Results
of this study are based on responses from 150 chil-
dren (out of the original sample of 152) who were
tested both at Time 1 and at Time 2.

Results

The application of the Campbell-Fiske guide-
lines to the MTMM data in Study 2 (Table 4) was

TABI~E 3

Goodness of Fit Indices for Alternative Models in Study 1
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similar to the application in Study 1, and revealed
that:
1. Convergence coefficients (mean r = .60) are

substantial, though agreement between teacher
ratings at Time 1 and 2 (mean r = .78) is

higher than between teacher ratings and test
scores (mean r = .51). These results satisfy
the first Campbell-Fiske guideline, which
demonstrates the convergent validity of the
traits.

2. Convergence coefficients (mean r = .60) are
nearly the same as other correlations in the
square submatrices (mean r = .59) and this
pattern is similar for each of the three sub-
matrices. Only 3 of the 15 convergence coef-
ficients are higher than the other 8 correlations
in the same row or column of the same square
submatrix. Hence, support is weak for the sec-
ond Campbell-Fiske guideline and this aspect
of discriminant validity.

3. Convergent validities for the SDRT subscales
(mean r = .51 ) are only slightly higher than
correlations among different subscales for the
test (mean r = .46) and are substantially less
than correlations among the teacher ratings
(mean r = .88). Convergent validities relating
the two sets of teacher ratings (r = .78) are
also lower than correlations among the teacher

ratings of the different subscales (mean r =
.88). These findings suggest a large method/
halo effect, and fail to support the third Camp-
bell-Fiske guideline or this aspect of discrim-
inant validity.

4. There is no apparent pattern of correlations

among the reading traits that is consistent across
the submatrices.

Application of the Campbell-Fiske guidelines of-
fers good support for the convergent validity of the
SDRT subscales, but not for their discriminant va-
lidity. As in Study 1, inspection of correlations
with the summary scores further suggests that the

convergent validity is a function of an overall

agreement on a general reading factor and is not
specific to the content of each subscale.
CFA of the MTMM data. The CFA models de-

scribed here are the same as in Study 1 except that
the three method factors in Study 2 represented

teacher ratings on two occasions and one admin-
istration of the SDRT. As in Study 1, the model

containing three method factors and five trait fac-
tors (Model 1) failed to converge, and inspection
of the parameter values again suggested that Traits
3 to 5 measured no reliable variance. Inspection
of the parameter estimates for Model 2 (Table 5)
indicates that most of the factor loadings and the
factor variance estimates are statistically signifi-
cant, and Model 2 converged on a solution after
relatively few iterations. Also, the goodness-of-fit
indices for Model 2 (Table 6) are reasonable. Thus,
Model 2 is preferable to Model 1.

Inspection of the goodness-of-fit indices for the
alternative models (Table 6) results in conclusions
similar to those from Study 1. The chi-square val-
ues for Study 2 are smaller than in Study 1, but
this is primarily a function of the difference in
sample sizes. Again, Model 2 fits the data better
than Models 3 to 5, while Model 6 provides the
best fit. In Model 6 each measured variable is ex-

plained in terms of a method/halo effect and a
generalized reading factor that is not specific to any
particular reading trait. Consequently, as in Study
1, these results demonstrate the lack of discrimi-
nant validity for the reading traits.

Correlations with other criteria. Correlations

between the reading summary scores and other cri-
teria (Table 4) provide further information about
the validity of the reading measures. Scores from
the GAP reading test are substantially correlated
with both the SDRT summary score and teacher

ratings of overall reading ability. Student self-con-
cepts in reading are also significantly correlated
with the SDRT summary score, teacher ratings,
and the GAP scores. The GAP scores are more

highly correlated with teacher ratings of overall
reading ability and with student self-concepts in

reading than is the SDRT summary score; this is
surprising since the GAP appears to be less com-
prehensive and is a much shorter test than the SDRT.

Five measures of mathematical achievement

(Table 4) are substantially correlated with each other,
and less correlated with the reading measures. Sim-
ilarly, the various reading measures are more highly
correlated with each other than with the mathe-

matical measures. Thus, while it appears that read-
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Note. See note for Table 2.
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ing and mathematics achievement are substantially
correlated, the two sets of measures assess distinct
attributes. The clearest distinction between reading
and math scores occurs for student self-concepts
in these two areas (mean r = .02). Reading self-
concepts are substantially correlated with reading
measures, but not with math measures. In contrast,
math self-concepts are substantially correlated with
math measures, but not with reading measures.
This pattern of results, using the same logic as in
the MTMM analyses described earlier, demon-
strates that the reading and math scores are mea-
suring distinguishable constructs. Thus, while the
SDRT subscales do not distinguish between the
reading traits that the test claims to measure, the
SDRT summary score does agree with other read-

ing measures and can be distinguished from math-
ematical achievement.

Discussion

In both studies the SDRT summary scores were

substantially correlated with other overall reading
measures and were distinct from measures of math-

ematical achievement, and there was good evi-
dence for the convergent validity of the SDRT
subscales. However, the reading traits claimed to
be measured by the SDRT showed no discriminant
validity and this failure was demonstrated in com-
parisons between scores on the SDRT and teacher
ratings, between ratings by the same teacher on
different occasions, and even between scores for
the SDRT administered at separate times. This lack
of discriminant validity was apparent in the appli-
cation of the Campbell-Fiske guidelines, but it was
more clearly demonstrated with the CFA analyses
where the data could be explained by a method/
halo effect and an overall reading factor that re-
flected all the measured variables.

These results demonstrate that while the 1966
version of the SDRT may have validity as an over-
all measure of reading, its ability to differentiate
among the subscales that it claims to measure is

clearly refuted. Since the purpose of a diagnostic
test is to differentiate strengths and weaknesses in
particular areas and not just to provide an overall
performance measure, this version of the SDRT

has no apparent value as a diagnostic test. The force
of these conclusions must be tempered since a new
version of the SDRT has been developed, even
though the 1966 version of the SDRT is considered
to be a well-constructed test (Anastasi, 1976).
The strength of the general reading factor may

support the contention that reading effectiveness
can best be viewed as a unitary construct or holistic
process, and that the attempt to separate it into

specific components may be counterproductive.
Alternatively, it may support Anastasi’s (1976)
contention that the diagnosis of reading problems
requires a trained specialist who conducts an in-
tensive clinical case study and collects a broad ar-
ray of information. Superficially, this suggestion
seems laudable, but it is still necessary to dem-
onstrate that information from such an effort can

be used to define distinct components of reading
that have diagnostic value, and these claims should
also be evaluated with MTMM designs.
An important consideration in the design of

MTMM studies is the choice of method variables.
For example, these results suggest that teachers
cannot differentiate among traits that the SDRT

claims to measure. Although this may limit the
usefulness of the SDRT, the problem could be with
the teacher ratings, and support for the discriminant
validity of the SDRT subscales might be demon-
strated if another criterion were selected. However,
the lack of discriminant validity in the SDRT sub-
scales was also demonstrated for comparisons be-
tween Levels I and II of the same test, and it makes
no sense to argue that this is not an adequate cri-
terion. The demonstration of discriminant validity
based on two different forms of the same test would

provide only weak support for the test’s ability to
differentiate between the traits that it claims to

measure, but the failure to demonstrate discrimi-
nant validity with this comparison provides strong
evidence against the test’s discriminant validity.

Ideally, the design of MTMM studies for the
evaluation of diagnostic tests should include (1)
scores from the test; (2) scores from another form
of the same test administered on a separate occasion

(alternatively a retest with the same test, or even
split-halves representing each of the subscales mea-
sured with the same test); and (3) a parallel set of
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scores that measure the same traits with an entirely
different method (e.g., ratings by the teacher, a
trained expert, or even self-ratings by the subject)
that are also collected on two separate occasions.

Comparisons based upon similar methods (e.g.,
two sets of test scores from the same test, or two
sets of ratings by the same person) provide a weak
test of the discriminant validity of the traits, but
the failure of such comparisons would provide strong
evidence against their discriminant validity. Com-
parisons based upon dissimilar methods (e.g., rat-
ings and test scores) provide a more demanding
assessment of discriminant validity, but the failure
of such tests would not necessarily mean that the
test would fail if another external criterion had been

selected. Thus, the consideration of either type of

comparison by itself may provide valuable infor-
mation, but it also has potential limitations. The
examination of both types of comparisons within
the context of the same study provides a better basis
for evaluating the discriminant validity of a diag-
nostic test. The simultaneous consideration of mul-

tiple sources of method error within the same an-
alytic framework is also consistent with other

methodological advances in measurement theory
(e.g., generalizability theory; see Cronbach, Gle-
ser, Nanda, & Rajaratnam, 1972), and further re-
finement of this approach will constitute an im-
portant extension to the usefulness of MTMM

designs.
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