
175

Component Latent Trait Models
for Paragraph Comprehension Tests
Susan E. Embretson

University of Kansas

C. Douglas Wetzel
Navy Personnel Research and Development Center, San Diego

The cognitive characteristics of paragraph compre-
hension items were studied by comparing models that
deal with two general processing stages: text represen-
tation and response decision. The models that were

compared included the prepositional structure of the
text (Kintsch & van Dijk, 1978), various counts of
surface structure variables and word frequency (Drum
et al., 1981), a taxonomy of levels of text questions
(Anderson, 1972), and some new models that combine
features of these models. Calibrations from the linear

logistic latent trait model allowed evaluation of the
impact of the cognitive variables on item responses.
The results indicate that successful prediction of item
difficulty is obtained from models with wide represen-
tation of both text and decision processing. This sug-
gests that items can be screened for processing diffi-
culty prior to being administered to examinees.
However, the results also have important implications
for test validity in that the two processing stages in-
volve two different ability dimensions.

Multiple-choice paragraph comprehension items
are widely used in tests of verbal ability and ed-
ucational achievement. The typical paragraph com-
prehension test consists of a short paragraph fol-
lowed by a multiple-choice question about what
has been read. Successful performance is affected
by numerous sources of difficulty that are related
to the way the paragraph text was constructed and
the type of question asked about the text. These

sources of difficulty are generally uncontrolled, un-
quantified, and dependent upon the artistry of the
test item writer.

This paper demonstrates a method by which many
sources of difficulty in paragraph comprehension
test items may be quantified; the resulting indices
are potentially useful for selection and banking of
items by their cognitive characteristics. Quantify-
ing the sources of item difficulty is important not
only for understanding construct validity, but also
for designing tests to reflect intended constructs
(Embretson, 1983b, 1985). To implement the

method, a cognitive processing model of the mul-
tiple-choice paragraph comprehension item is de-
veloped that specifies the sources of cognitive com-
plexity.

Previous work with geometric analogy items
(Whitcly ~ Schneider, 1981) may serve as an eas-
ily understood example of this technique. Physical
characteristics of the related pair of figures in the
stem can be used to predict item difficulty. The
relationship between the related pair is specified
by the number of transformations that are required
to change the first figure into the second, such as
a change in shape or orientation of elements in the
figures. In general, difficulty increases as the num-
ber of transformations increases. The enormously
more complex situation of paragraph comprehen-
sion test items, with their linguistic and logical
relations, can be approached using the same method.
Fortunately, there are numerous theoretical ac-
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counts of reading comprehension and question an-
swering to guide this endeavor.
A few studies have attempted to understand the

features of paragraph comprehension items that un-
derlie item difficulty. Drum, Calfee, and Cook
(1981) used stepwise regression to model the dif-
f~culty &reg;f paragraph comprehension items from the
surface structure of the text, question stem, and
response alternatives. The variables included num-
ber of content words, number of new content words,
plausibility, word frequency, actual information,
the requirement of outside knowledge, and sen-
tence length. Although Drum et al. did not pos-
tulate a cognitive model of processing, they ob-
tained good prediction of item difficulty for several
reading tests composed of paragraph comprehen-
sion items.

From another perspective, Anderson (1972) has
provided a convenient taxonomy of questions to
test comprehension. His taxonomy can be seen as
a dimension referring to the extent to which a trans-
formation exists between the text of the paragraph
and the choice alternatives. Anderson’s six levels
of questions are
1. Verbatim questions, in which a statement in

the same form as the text is given as an alter-
native for verification;

2. Transformed verbatim questions, in which the
same basic words are used as in the text, but
the sentences or phrases are rearranged (e.g.,
&dquo;The boy hit the ball&dquo; becomes &dquo;By whom
was the ball hit?&dquo;);

3. Paraphrase questions, in which the question
has the same meaning as a sentence in the text,
but different words are used;

4. Transformed paraphrase questions, in which
neither the wording nor the phrase order in the
question is the same as in the text;

5. Alternative choices that are particular in-
stances of a superordinate term in the question
stem (i.e., deduction); and

6. Questions with particular instances in the ques-
tion stem and alternative choices consisting of
superordinate or gist statements (i.e., induc-
tion).

The cognitive characteristics of test items can be

calibrated in the context of a latent trait model. The
linear logistic latent trait model (LLTM; Fischer,
1973) has been used to calibrate cognitive item
parameters and to test hypotheses about the cog-
nitive components that underlie item solving. The
LLTM is one of several component latent trait models

(CLTM; Embretson, 1984) that link item responses
to cognitive theory by predicting item difficulty
from a mathematical model of response processing.
The results of CLTM have direct implications
for construct validity (Embretson, 1983b) in that
CLTM elaborates predictive weights for the cogni-
tive components that determine item difficulty.
1~urtherara&reg;rc, it is possible to use CLTM parameters
to select items that have specified cognitive com-
ponents.

Mitchell (1983) applied a LLTM to the paragraph
comprehension items of the Armed Services Vo-
cational Aptitude Battery (ASVAB), using some var-
iables based on Kintsch and van Dijk’s (1978)
propositional analysis of text. Her model included
propositional and argument density, word famil-
iarity, number of words, and the number of infer-
ences within the text and between the text and the

correct answer. Her results were promising, but
must be considered exploratory; only nine ASVAB
items were available for the models and the param-
eters for the cognitive components were not tested
for significance. Embretson and Wetzel (1984) used
30 items to replicate a portion of Mitchell’s study
and to examine some further new models reflecting
the multiple-choice decision process. They found
substantial improvement in prediction for a model
that included more decision process variables. Their
best model included word familiarity, one propo-
sitional analysis variable, and four decision process
variables.

Although these diverse studies had positive find-
ings, they do not constitute a sufficiently developed
model to calibrate the cognitive characteristics of
paragraph comprehension items. The purposes of
the current study were (1) to propose a model of
processing for multiple-choice comprehension items,
(2) to compare the goodness of fit of the proposed
model to previously studied predictors, (3) to cal-
ibrate the impact of the processing variables on
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item difficulty, and (4) to examine the implications
of the processing model for the construct validity
of a paragraph comprehension test.
The proposed model contains two general pro-

cessing stages: ( 1 ) ~ text representation process, in
which the text is comprehended, and (2) a decision
process, in which the question stem and the choice
alternatives are compared for accuracy to the text.
The text representation process is operationalized
by Kintsch and van Dijk’s (1978) prepositional
analysis of text, described below. The decision pro-
cess is operationalized by some variables that have
been shown to be important in modeling other mul-
tiple-choice items, such as verbal or geometric
analogy items (Stemberg, 1977; Whitely ~ Schnei-
der, 1981).

A Conceptual for Paragraph
Comprehension Item Processing

Text Representation Processes

Figure 1 presents a very general conceptual model
of the processing of paragraph comprehension items.
The text representation process consists of two gen-
eral events: lexical encoding (converting the visual
stimuli of the text into a meaningful representation)
and coherence processes (supplying information from
memory about the preceding text as well as other
facts and inferences to interpolate missing propo-
sitions that may make the sequence coherent).

The difficulty of lexical encoding was measured
by word familiarity. In the current study, the Ku-
cera-Francis (1967) index of word frequency was
scored from the text question stem and alternatives.

The Kucera-Francis index is the frequency with
which a given word appears in samples of natural
language text.
The difficulty of text processing can be measured

by techniques for propositionalizing text developed
by Kintsch and van Dijk (1978). They provided a
theory-based approach to the problem of scoring
the surface structure of textual material in terms of

its meaning. Their theory assumes that the basic
units of meaning ~re p~~~p&reg;sit~&reg;~a~, ~ more psycho-
logically important feature of the text than its sen-
tence surface structure. Propositions are composed
of concepts, in which the first element is apredicate
or relational concept, and the remaining one or
more word concepts are arguments. The arguments
are subjects and objects, while the predicate may
consist of verbs, modifiers, or connectives. Thus
the sentence &dquo;l~~~illac~tty is a grey tabby cat&dquo;

is propositionalized as:

Pl. MODIFY: cat, tabby
P2. M~~~F~ e P F , grey
P3. ISA: McGillacutty, P2

The sentence contains two modifier propositions
and one predicate proposition. Only unique argu-
ments are coded, with previous propositions (e.g.,
PI) becoming the arguments of later propositions.
Partially objective scoring systems to perform
propositional analysis have been developed by Turner
and Green (1978) and Bovair and Kieras (1981).

In the Kintsch and van Dijk model of text com-
prehension, the reader processes text in cycles, dur-
ing which a network of coherent propositions is

Figure 1
General Information-Processing Model for Multiple-Choice

Paragraph Comprehension Items
-1 - ------------ &dquo;B. I ------ I--
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constructed. During a cycle, certain propositions
are retained in a limited capacity short-term buffer
for connection with input on the next cycle. An
input is accepted as coherent with previous text if
a connection is found between new propositions
and those retained in the buffer. The reader may
encounter difficulty during the cyclical construc-
tion of a coherent text base if no connection of the

input to previously processed propositions is en-

countered, causing memory search, rereading, or
generation of inferences to bridge gaps in the text.

Previous studies pertinent to Kintsch and van
Dijk’s work allow several expectations to be gen-
erated for the outcome of the current study. Kintsch
and Keenan (1973) demonstrated that the number
of propositions in a sentence, rather than the num-
ber of words, determines reading time. This finding
validates the use of propositions rather than sepa-
rate word counts for assessing text processing. If
the number of words is held constant, texts with

relatively more propositions should be more dif-
ficult. Thus, prepositional density (the number of
propositions divided by the number of words) should
be related to item difficulty. Mitchell’s (1983) re-
sults, however, were inconsistent with respect to
the impact of propositional density on item diffi-
culty. This inconsistency may be accounted for by
separating propositions into the convenient typing
provided in the Kintsch and van Dijk system. Prop-
ositional density was therefore scored separately
for predicate, modifier, and connective proposi-
tions. Kintsch, Kozminsky, Streby, 1~~~&reg;&reg;n, and
Keenan (1975) found that reading times were longer
and recall was less for texts with many different

arguments than for texts with fewer arguments.
Propositions containing new arguments require an
additional processing step on the part of the reader.
(Recall probability also increased as a function of
the number of repetitions of an argument in the
text base.) Argument density is the number of unique
arguments divided by the number of words, and
the expectation was that higher density would be
associated with less difficult items. Another finding
from propositional analyses is that propositions are
not equally difficult to remember, with superor-
dinate propositions being recalled better than prop-

ositions that were structurally subordinate (Kintsch
& Keenan, 1973; Kintsch et al., 1975). This effect
was not operationalized in the current study be-
cause the paragraphs were relatively short.

Decision Pirocess

The decision process, outlined in Figure 1, is

postulated to consist of three events: ( 1 ) encoding
and coherence processes of converting the visual
stimuli of the alternatives into a meaningful rep-
resentation ; (2) mapping the alternatives to the text,
that is, finding the relevant text for evaluating each
alternative; and (3) evaluating the truth status of
the alternatives.

The first decision event, encoding, is operation-
alized in the same way as with the text processes.
That is, the Kucera-Francis word frequency index
and propositional analyses are applied to each al-
ternative. The second decision event, mapping the
alternatives to the text, requires locating the prop-
ositions that are relevant to falsifying or confirming
the alternatives. If the relevant propositions are
contained in a single short sentence, it is expected
that text mapping would be easy. However, if the
relevant propositions are spread throughout the text,
or if the alternative concerns the &dquo;gist&dquo; of the

paragraph, text mapping would be difficult. In the
current study, text mapping difficulty was mea-
sured by the proportion of text over which the rel-
evant propositions are located. The third decision
event, evaluating the truth status of the alternatives,
is shown in Figure 2. Consistent with studies of
other item types (e.g., analogies), evaluating truth
status is postulated to be a two-stage event (Pel-
legrino & Glaser, 1979; Whitely SL Bames, 1979).

The first evaluation stage is fc~l~~~~ti&reg;~a, in which
the examinee attempts to falsify as many altema-
tives as possible. In many multiple-choice items,
the distractors are not wholly false or their truth
status cannot be determined. In the initial com-

ponential models of decision processes (Stemberg,
1977), falsification was the method by which an
alternative could be eliminated. However, in par-
agraph comprehension items, often no information
in the text contributes to falsifying a distractor.

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

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



179

Figure2
An Information-Processing Model for Evaluating the Response Alternatives

-~~-

Thus, the alternative could possibly be true, but
the paragraph is mute with respect to the assertions
contained in the alternative. An item is difficult if
few alternatives are falsifiable. In the current study,
the difficulty of the falsification process was mea-
sured by 1.0 minus the probability that the correct
answer could be selected by random guessing among
the remaining non-falsified set.

The second evaluation stage is confirmation. This
event was suggested as a decision process event
for multiple-choice items in the Whitey and Bames
(1979) study of analogies. In confirmation, the re-
maining response alternatives are compared to the
text to determine if the text confirms the response
as correct. An alternative that is confirmed is se-

lected as the correct answer. In the current study,
a dichotomous variable was scored according to
whether the text confirms the correct answer.

Two variables may interact with falsification and

confirmation. The examinee’s ability to falsify and
confirm depends on (1) converting the wording of
the alternative to that of the text, if required, and
(2) comparing propositions between the altema-
tives and the text. For converting the wording, if
the text asserts or denies the alternative verbatim,
then its conversion is required. In the current study,
encoding conversion was a dichotomous variable
to operationalize this effect. In addition, Ander-
son’s (1972) level of text-question transformation
was used as an elaboration of encoding conversion.

For comparing propositions, an item would be
difficult when the alternatives contain several prop-
ositions, each of which must be compared to sev-
eral propositions in the text. In the current study, 9

prepositional comparisons were measured by the
natural logarithm of the number of propositional
comparisons required to falsify (or confirm) an al-
temnative. For convenience, it was assumed that

propositions in the relevant text (see above) are
compared exhaustively.

Method

Subjects and Materials

Item response data for the ASVAB and for items
that were calibrated for the computerized adaptive
test (CAT) version were obtained from a large sam-
ple of military applicants for six ASVAB and six CAT
forms. All items were administered in booklets.
Each applicant received one ASVAB form and one
CAT form according to a counterbalanced design
for item calibration. Seventy-five paragraph com-
prehension items were selected from two CAT book-
lets and the six ASVAB forms. The ASVAB items

were selected by two criteria: ( l ) the full item would
fit on the computer screen and (2) only one ques-
tion was asked per paragraph. A total of 29 ASVAB
items met the criteria. The same criteria were ap-

plied to the two CAT booklets, resulting in selection
of a total of 46 items.

To obtain item parameters for the selected items g
data from 12 groups were linked by common items, 9
using the LINLOG program (Wbit~ly ~ I~i~h9 1982)
for the LLTM. Estimation of the item parameters in
LINLOG is based on Fischer and p’~rrr~~r~r~’s (~9’~~)
steepest descent algorithm for conditional maxi-
mum likelihood. To ensure that the item parameters
would not be confounded by item order on the test,
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only examinees who reached all items were se-
lected. Thus, the selected sample was probably
somewhat above average. However, the ability dis-
tribution in the sample does not bias the estimation
of item parameters for latent trait models.

~&reg;~~~~w~ ~1~~°~~~l~s

The cognitive variables were selected to reflect
the measures of processing in the various models.
The variables were derived from four sources:

(1) propositional analyses of the item texts by two
raters; (2) scores on the item response alternatives
by two raters; (3) linguistic surface structure var-
iables on the text, question stem, and alternatives,
from the STYLE program (Cherry & Vesterman,
1980); and (4) the Kucera-Francis word frequen-
cies for the text, question stem, and alternatives.

For the first data source, two raters indepen-
dently propositionalized the text of the 75 items.
The propositional analysis was based on Kintsch
and van ~ijl~9s theory as operationalized by Bovair
and Kieras (1981) and Turner and Green (1978).
Both raters were graduate students in clinical psy-
chology who were selected due to their high verbal
scores on the Graduate Record Examination. Sev-
eral scores were derived from the propositions, in-
cluding number of propositions (total), predicate
propositions, modifier propositions, connective
propositions, and unique arguments. The densities
for these five scores were determined by dividing
the number of propositions (or arguments) by the
number of words in the text.

For the second data source, the raters scored

several variables on the alternatives and also pro-
positionalized the alternatives. The variables that
were scored included: (1) the number of proposi-
tions in the text relevant to determining the correct
answer; (2) the truth status of each alternative (con-
firmed, falsified, or neither); (3) encoding conver-
sion of arguments, a dichotomous variable scored
if the arguments of the alternative required infer-
ring synonyms to compare to the text; (4) encoding
conversion of predicates, a dichotomous variable
scored if the predicates of the alternative required
inferring synonyms to compare to the text;

(5) number of propositions in each alternative;
(6) Anders&reg;n’s comprehension level (scored 1-6,
where 1 = verbatim confirmation of correct answer
in the text and 6 = an inference required to confirm
the correct answer by the text); (7) Drum et al.’s
plausibility variable and (8) Drum et al.’s knowl-
edge variable.

For the third data source, several variables were

selected from STYLE as needed in the various models.
These included (1) number of words; (2) Flesch’s
(1948) reading grade level; (3) percent of content
words including non-auxiliary verbs, nouns, ad-
verbs, and adjectives; (4) sentence length; and
(5) percent of new content words in the question
stem and alternatives.

For the fourth data source, the Kucera and Fran-

cis (1967) norms were applied to the text, question
stem, and alternatives to reflect semantic memory
accessibility. Word frequencies were obtained in
two ways, for all the words and for just the content
words.

Design

Several cognitive models of item difficulty were
examined using the ~,t.~~. Program LINLOG for the
LLTM not only provides goodness of fit indices for
each model, but also calibrates component item
parameters that can be used to bank the item by its
cognitive characteristics. The parameters also can
be used to interpret the effect of each variable on
item difficulty, because the model parameters are
essentially a mathematical model of item difficulty
as scaled by the logistic latent trait model. The
parameters of the LINLOG model are analogous to
regression weights for the prediction of item dif-
ficulty by the cognitive variables. The model fit

index, as shown below, has an interpretation sim-
ilar to the squared multiple correlation.

Results

Statistics

The means, standard deviations, and rater reli-
abilities for the propositional variables are pre-
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Table 1

~~~x~~~ ~t~~d~.~d Deviations, and Rater R.~h~b~~~tne~

sented in Table 1. Reliabilities were determined by
Pearson correlations for continuous variables and

by percentage agreement for categorical variables.
It can be seen that rater reliabilities of these vari-
ables are quite high. Table 1 also presents statistics
for the decision process variables that were scored

by raters. The reliabilities are also generally high,
but with some glaring exceptions. Encoding con-
version and the Anderson levels of questioning were
not scored reliably, hence the raters were ques-
tioned about their scoring criteria. For encoding
conversion, one rater applied a much more strin-
gent criterion than was given on the scoring guide-
lines. Thus, for this variable only the data from
one rater were used in the models. For the Ander-
son variables, the source of unreliability was that
the six levels could not be scored as mutually ex-
clusive categories. Two separate variables were
then created. The first variable was paraphrase
level, using categories 1-4 (listed above). The sec-
ond variable was a dichotomous variable for rea-

soning, scored 1 if either deduction or induction

(categories 5-6) was required, and 0 otherwise.
The plausibility and external knowledge variables
in Table 1 were scored for the Drum et al. (1981)
model.

Model Comparisons

Several models for paragraph comprehension
items were evaluated by their prediction of item
difficulty on a latent trait scale. Each LLTM entails
a unique design matrix that consists of the scores
for each item on each variable in the model plus a
unity vector for the normalization constant. Thus,
the design for a three-variable model would be a
75 (item) x 4 (variable) matrix. Embretson (1983a)
has proposed several tests to evaluate fit for i,i-Tms.
Shown in Table 2, for example, are the log like-
lihoods of the data under each model, and the chi-
square goodness of fit for each model as compared
to a null model. The null model postulates that all
items have equal difficulty, hence no reliable in-
formation about item differences can be modeled.

The design matrix includes only a unit vector for
the normalization constant. Also included in the

table is an incremental fit index (Embretson, 1983a)
which locates the model on a scale from 0 to 1. It

gives the amount of information that is predicted
by the model, relative to the maximum information
that could be predicted by any LLTM (i.e., the dif-
ference between the null model and the Rasch

model). The index is roughly similar in magnitude
to a squared Pearson correlation coefficient.
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Table 2
Goodness of Fit for Comparison Models

Table 2 presents the goodness of fit and the fit

index for three single-variable models. Number of
words provides significant prediction but accounts
for only 1 % of the information that could be mod-
eled. Similarly, both the Flesch reading grade level
and word frequency for the text provide significant
prediction, but account for little information. A

logarithmic transformation on the word frequencies
offered little change in prediction; therefore, the
untransformed frequencies were used throughout
the analyses.

Table 3 shows the goodness of fit and the fit

index for several models that have been proposed
in other studies of paragraph comprehension. Two
variants of the Drum et al. model are presented
which are not exact replications because some var-
iables were unavailable in the current study. Model
DCCI consisted of the following variables: Para-
graph Variables-word frequency, percent content
words, actual information; Question Variables-
word frequency, percent content words; Correct
f~lternative-percer~t new content words, external
knowledge, percent content words; Distractors-
plausibility, percent new content words, percent
content words. Additionally, average word fre-

quency was calculated for the set of alternatives.

Model DCC1 contains 12 of 16 variables that were

presented by Drum et al. in Table 5 of their study.
The current study omits the percent of content-

function words in the text and in the question stem,
and also omits percentage of new content words
for the stem. Last, word frequencies for the correct
answer and the distractors were averaged in a single
variable. The four predictors that were omitted from
DCCI accounted for an average of 22% of the ex-

plained variance in Drum et al. Because the mean
squared multiple correlation was .72, deletion of
the four predictors should reduce the correlation to
approximately .56. In the current data, however,
substantially lower prediction was achieved. The
fit index reached only .18. Model DCC2 added two
variables to DCC1, argument redundancy and word
frequency in the text, that were discussed by Drum
et al. but were not included in their final models.

Substantially better fit was obtained than with ~C~1.
The goodness of fit and the fit index for the

Anderson models are also presented in Table 3.
Model Al simply uses the numerical designation
of the six types of questions presented above as a
continuous variable (Anderson levels 1-6). In Model
A2, only paraphrase level was used as a predictor
(levels 1-4). This model does not fit as well as A 1.
Model A3 is a two-variable model, using A2 and a
second dichotomous variable for reasoning (scored
positively if classified as level 5 or 6). Better fit
was achieved by A3 than by either A1 or A2. Thus,
good prediction was achieved by treating the An-
derson model as two variables.
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Table 3
Goodness of Fit for Propositional Models of Paragraph Comprehension

Finally, Table 2 also presents a model like

Mitchell’s which contains one decision variable

(encoding conversion) and four prepositional var-
iables (propositional density, argument density, word
frequency, and number of words). This model fits
better than the single variable models, but predic-
tion was lower than the Drum et aI. and Anderson

models.
Table 3 shows four text models that were de-

rived from the prepositional analysis. The first

model, Pi, consists of propositional density, ar-

gument density, and total word frequency. Signif-
icant prediction was achieved, particularly as com-
pared to the model in Table 2 that contained only
total word frequency. Pi achieves the same level
of prediction as the Mitchell-lilce model, even though
encoding conversion has been deleted. Model P2
consisted of modifier density, predicate density,
connective density, argument density, and total word
frequency. By separating propositions by type, model
P2 achieves a large increase in fit compared to models
using only a single combined prepositional density
measure. An inspection of the weights revealed that
the magnitude and direction of the weights varied
by propositional type (discussed below).
Model P3 is identical to P2, except that the world

frequency index was computed only on the content
words, rather than all words. This model is theo-

retically superior because numerous non-content
words (i.e., articles, prepositions, auxiliary verbs,
etc.) are not added in with the word frequencies
of the arguments and predicates in the text. Inter-
estingly, worse fit was achieved with this model.
In P4, the percentage of content words was added
to the five variables of P3. The fit was then com-

parable to P2, which further suggests the impor-

tance of surface structure in the total word fre-

quency index.

The newly proposed model for paragraph corn-
prehension outlined earlier was subjected to several
intermediate analyses to evaluate the impact of spe-
cific measures. In these intermediate analyses, var-
iables were evaluated by the impact on goodness
of fit, as compared to a hierarchically nested model
that consisted of the text coherence variables. The
text coherence processes are postulated to be rep-
resented by the Final Prepositional Type Model,
P4. The impacts of the various postulated decision
processes were examined by the increment in x2
as compared to the text coherence processes. Add-
ing the lexical encoding processing for the distrac-
tors, as measured by word frequency, significantly
increased fit (AX2 = 43.44, df = 1), but the lexical
encoding processing for the correct answer did not
significantly increase fit (Ay2 = 1.08, df = 1).
Further, the impact of the text mapping process,
as measured by the proportion of text that is rel-
evant to evaluating the alternatives, also signifi-
cantly increased fit (~~2 = 224.18, df = 1).
The evaluation process for the response alter-

natives was examined separately for the two stages,
falsification and confirmation. The falsification

process was measured by the probability of guess-
ing correctly among the alternatives that cannot be
falsified (i.~. ~ 1 minus the reciprocal of the number
of non-falsifiable alternatives plus the correct an-
swer). Adding this variable to the text coherence
processes strongly increased fit (AX2 = 116.52,
df = 1). Then two variables, encoding conversion
and prepositional comparisons, were examined for
possible additive effects by adding each variable
as a predictor to the preceding equation. It was

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

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



184

found that propositional comparisons strongly in-
fluenced fit(A X2 = 147.26, df = 1), while encod-
ing conversion had a small but significant effect
(&reg;~2 = 13.109 df = 1). Then, the two variables
were examined for interactive effects with
falsification. In these analyses, the falsification

probability was multiplied by a fraction that rep-
resents the ease of comparing propositions and the
ease of encoding conversion. For propositional
comparisons, the fraction was the reciprocal, while
for encoding conversion, the fraction was the re-
ciprocal of 1 plus the encoding conversion index.
A positive finding indicates that the interactive var-
iable occurs during the same stage as falsification.
Simple falsification, as reported above, had a strong
effect on fit (&reg; ~z = 116.52, df = 1 ) . Although the
interaction of propositional comparisons with fal-
sification did not affect fit as much as falsification
alone (AX2 = 47.66), the interaction of encoding
conversion with falsification had a stronger effect

(A X2 = 161.24, df = I ) . In summary, these results
suggest that encoding conversion has an interactive
effect with falsification, but that propositional com-
parisons has an additive effect.

The confirmation process was measured by a
dichotomous variable that reflected whether the
correct answer was actually confirmed by the text.
When added to the text coherence process model,
confirmation strongly increased fit (AX2 = 585.62,
df = 1). When added to the comparison model of
text coherence processes and confirmation, both
prepositional comparisons (AX2 = 142.68, df =

1) and encoding conversion (&reg;~2 = 128.88, df

= l) had significant effects. Next, encoding con-
version and propositional comparisons were ex-
amined for possible multiplicative effects. The in-
teraction of confirmation and encoding conversion
provided an even stronger increment in fit than did
the simple confirmation variable (&reg;~2 = 729.60,
df = 1). However, the interaction of confirmation
and propositional comparisons did not increase fit
over the text coherence processes as much as the

simple confirmation variable (Ay2 = 446.04, df
= 1). ’Thus, as for falsification, the strongest effect
for encoding conversion or confirmation was in-
teractive, while for prepositional comparisons the
strongest effect was additive.

Table 4 presents the goodness of fit and the fit
index for the combinations of the various decision

process variables described above (Tables 5 and 6

give a complete listing of these variables). It can

be seen that D 1, the Complete Decision Model, has
a fit index of .25. In this model, falsification and
confirmation are multiplied by encoding conver-
sion, as supported by the preceding results. For
comparison, the Complete Text Model Tl (also pre-
sented as P4 above), shown in Table 4, has a fit
index of .17. Thus, the decision process variables

provide better fit than the text process variables.
Also shown in Table 4 is the goodness of fit for
the model m , which combines Tl 1 and ~ ~ . Fl achieves
a fit index of .37. In this model, propositional com-
parisons between the text and alternatives were
positively related to item difficulty, indicating that

Table 4
Goodness of Fit for Proposed Models of Text and Decision
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many comparisons are characteristic of more dif-
ficult items. This model differs from the next model
to be presented only in exchanging the two prop-
ositional comparison variables for the alternatives.
A second decision model D2 is shown in Table 4

in which the Anderson reasoning variables replace
the Dl propositional comparison variables for both
the correct and distractor alternatives. The reason-

ing variables simply scored the presence or absence
of Anderson’s induction-deduction levels (5-6).
Further, the paraphrase level variable replaces en-
coding conversion as the multiplier of falsification
and confirmation. Model F2 combines the Complete
Text and Decision Models ~’1 and D2, achieving a
fix index of .37.

LLTM Calibration

Table 5 shows the LLTM calibrations for the final

Complete Model F2 that combines the text and de-
cision models ’t’1 and D2. The 11) weights, the asymp-
totic standard errors, and the associated t values

are The 11) weights should be interpreted
in a manner similar to that of unstandardized

regression coefficients. That is9 the weights reflect
the impact of the variable, controlling for the ef-
fects of the other (possibly correlated) variables in

the model. The rs in the table are not from the

LLTM. They are zero-order correlations of Rasch
item difficulty with the variables, allowing the de-
tection of direct versus suppressor effects.

For the Text Model Tl, the variables that con-

tribute significantly to predicting item difficulty are
modifier and predicate density, percent content
words, and (marginally) argument density. The di-
rection of the impact is worth noting, as well as
where the r and q differ in sign. Modifier propo-
sitional density and percent content words have a
significant positive relationship to item difficulty
for both the model and the zero-order relation. Thus,
items in which the text has relatively many modifier
propositions and a high proportion of words with
semantic information tend to be more difficult items.

However, the opposite significant impact is found
for connective propositional density, where items
in which the text has very few connective propo-
sitions are more difficult. There are negative, but
non-significant, weights for argument density and
predicate density. 1-I&reg;~~rever, argument density in-
creases with item difficulty in the zero-order re-
lation, reflecting a suppressor role in the model.
Text content word frequency shows only a very
small and non-significant positive relation.

For the Decision Model D2, nearly all of the

Table 5

Complexity Factor Weights for Proposed Model F2
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variables contribute significantly to predicting item
difficulty. It can be seen that text mapping, as

measured by the percent of text relevant to the
alternatives, is positively related to item difficulty.
Th~s 9 the more relevant the text, the more difficult
the item. The newly created falsification and con-
firmation variables (i.e., the previous ones multi-
plied by the reciprocal of paraphrase level) are neg-
atively related to item difficulty. That is, the lower
the likelihood that the distractors are falsified and
the correct answer confirmed, the greater the dif-

ficulty of the items.
Interestingly, two sets of variables in Model D2

showed suppressor effects, where two variables
were correlated with difficulty, but the one with
the weaker correlation yields the opposite sign in
its contribution to the model. Word frequency had
opposing effects on the correct answer and the dis-
tractors in D2, even though both had a negative
zero-order relation. If the distractors consist of in-

frequent words, the item is more difficult. If the

correct answer consists of infrequent words, the
item is easier in the model (or more difficult for
frequent words), but this effect is less pronounced.
By contrast, the reasoning variables had opposing
effects on the correct answer and distractors in D2,
but both were positively related to difficulty by the
zero-order correlations. In D2, a greater reasoning
score involving induction-deduction was positively
related to difficulty for the correct answer, but car-
ried a negative weight for the distractors.

Construct

The cognitive model that was developed above
explicates the construct representation, of the item
bank by specifying the sources of cognitive com-
plcxity that are related to item difficulty. However,
a more precise examination of the cognitive char-
acteristics of the item bank may be obtained by
calibrating complexity scores for individual items
and examining the descriptive statistics.

Figure 3 shows the relationship between diffi-
culty &reg;f text representation (~’1) and difficulty of
decision (~2). It can be seen that text representation
and decision complexity are relatively independent
sources of variation in the item bank (r _ .23). A

Figmre3
of Item DifficultiesScatterplot of Item Difficulties

Predicted by Text Representation (Tl)
and Decision (D2) Processes

&reg;~C9~1&reg;fV (D2)

similar relation was obtained for models ’r1 and ~1 1

(~° _ .18). Thus 9 ite~ writers have manipulated these
qualities relatively independently. Figure 3, how-
ever, also shows that items with extreme config-
urations of text representational complexity and de-
cision complexity exist in the item bank. The two
axes drawn within the figure represent the medians
of the two predicted processes. It is clear that items
with a specified cognitive characteristic could be
obtained from any of the four quadrants. For ex-
ample, items could be selected to cause a difficult
decision, while leaving text difficulty to vary, by
selecting only items to the right &reg;f the vertical line.
A specification such as this could be used to guide
item writing by calibrating the difficulty of an item
on the various process variables prior to empirical
tryout by using the component latent trait param-
eters.

Because the items were rather heterogeneous for
a source of cognitive complexity, the unidimen-
sionality of the extreme items was tested. Items
that were difficult with respect to the text but not
the decision formed one subset, while items that
were difficult with respect to the decision but not
the text formed the second subset. The Martin-Lof
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(1974) test for unidimensionality yielded a highly
significant X2 of 2799.28 with 357 degrees of free-
dom. Thus, the two item sets measure different
abilities.

Table 6 compares the cognitive characteristics
of the ASVAB items to the newer CAT items. A

multivariate analysis of variance was conducted,
with the scores on the cognitive variables as the
dependent variables and the item source (ASVAB
vs. CAT) as the grouping variable. Table 6 presents
the results for the predictors in T1, Dl, and D2. It
can be seen that ASVAB and CAT items are not sig-
nificantly different on the text representation pro-
cess (p = .130).

However, somewhat different results were ob-
tained from the decision component comparisons.
It can be seen that the sources of cognitive com-

plexity in model Di differed significantly (p =
.047) between ASVAB and CAT. The univariate anal-
yses of variance show that to falsify the distractors,
CAT items require significantly more comparisons
between propositions in the alternatives and those
in the text. Two marginally significant differences
were also found. The CAT items require more com-
parisons to confirm the correct answer and the per-
centage of relevant text for the CAT items was greater.
The second set of decision variables, D2, showed

no significant differences. In this set, the propo-
sitional comparison variables had been replaced by
the reasoning variables.

Discussion

Paragraph comprehension items appear in tests

Table 6
Multivariate and Univariate Analysis of Variance
for ASVAB and CAT on Text and Decision Model
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with rather different measurement goals. That is,
they appear both in measures of verbal reasoning
and of reading achievement. This suggests that the
items can be varied to measure rather different

constructs. However, the cognitive characteristics
of paragraph comprehension items, which could be
varied according to the measurement goals, have
not been studied sufficiently to allow systematic
variation of item content in accordance with a spec-
ified measurement goal.
The current study developed a processing model

to quantify the sources of cognitive complexity in
multiple-choice paragraph comprehension items.
The results indicate that relatively good prediction
could be achieved from the proposed processing
model which included stages for Text Represen-
tation and Decision. The best model consisted of

six text representation variables and seven decision
processing variables, yielding a fit index of .37,
which is comparable to a multiple correlation of
.61. Although the magnitude of the fit index in-

dicates that item difficulty is not fully predicted by
the model, the index is high enough to indicate that
substantial prediction has been achieved.

Perhaps the most significant finding from the
model is that the decision process influences item

difficulty substantially more than the text repre-
sentation process. The decision variables alone

achieved a fit of .28 while the text representation
variables achieved a fit of only .17. Thus, item

difticulty of the paragraph comprehension test de-
pends more on the response decision than the par-
agraph. This finding may have important impli-
cations for the predictive validity of paragraph
comprehension tests, particularly if the text rep-
resentation process and decision process are as-

sociated with different abilities. It would appear
that two recognized factors of ability have been
identified: verbal ability (or more specifically, lan-
guage comprehension and lexical knowledge) and
reasoning ability. This will be considered more

fully below.
Interpretations given below about the influence

of specific variables on item difficulty must be tem-
pered by noting that the weights resemble unstan-
dardized regression coefficients. Thus, the mag-
nitudes of the weights are dependent on the scale

of measurement for each variable and cannot be

compared across variables. Further, the signifi-
cance of variables is influenced by intercorrelations
among the predictors, just as in multiple regres-
sion. A variable that is highly correlated with other
variables in the model may fail to have a significant
weight, even though it may in fact be a factor that
could be manipulated to change item difficulty.
Alternatively, a variable that has a significant weight
may not necessarily be a factor that determines item
difficulty if it is correlated with an unmeasured

variable that does determine item difficulty.

Text Influences

A major finding from having separated propo-
sitions into three types was that the prediction of
item difficulty increased (Table 3) and that the ef-
fect of propositional density depended on the type
of proposition (Table 5). Connective density had
a consistent and high negative weight in the prop-
ositional analysis models and by the zero-order cor-
relation ; that is, greater density was found with
easier items. The direction of this effect is sur-

prising because higher propositional content per
total paragraph text might be expected to make
comprehension more difficult. However, the ex-
pectation is probably misleading. Connective prop-
ositions relate or link other facts or propositions
together (e.g., their arguments are often other prop-
ositions) and are thought to be important to pro-
viding text cohesion (Turner & Green, 1978). For
example, connectives indicate relationships be-

tween propositions of cause, purpose, conjunction,
disjunction, condition, concession, contrast, or cir-
cumstance. Additionally, because important prop-
ositions are better remembered, it has been thought
that they are processed more frequently (Kintsch
& Keenan, 1973; Kintsch et al., 1975). This &dquo;lev-
els&dquo; effect generally refers to superordinates con-
taining information relevant to the entire text, which
are processed more frequently because arguments
overlap between successive processing cycles (Miller
& Kintsch, 1980). The superordinates that usually
link text for coherence are connectives and, to a
lesser extent, predicates. However, if few connec-
tives are given or some are omitted, the reader may
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have to supply them in order to comprehend. This
suggests that texts with few connective proposi-
tions may require additional processing resources
or more inferences. It is nearly axiomatic in com-
prehension research that text becomes more diffi-
cult as the reader must supply more inferences to
bridge gaps and make the text coherent. Because
the negative relation to item difficulty was rela-
tively large, this result warrants further study.

Predicate propositions did not have a significant
relation in the model and, further, the zero-order
correlation with item difficulty was near zero. Many
predicates in the list of propositions do not seem
to function as superordinates, and thus they may
not participate as frequently in processing cycles
as do connectives. Still, why dense terms of action
or being are not more highly related to difficulty
in either direction is not clear. Until a more detailed
examination of predicates is made, it might be con-
cluded that predicate density does not influence
item difficulty.

In contrast, the density of modifiers was posi-
tively related to item difficulty in the final model.
Further, the occasional differences in weights for
modifier propositional density probably result from
high correlations with other propositional variables
such as argument density, which is also positively
related to item difficulty. Since modifiers are not
usually the superordinates that contribute to co-
herence, the results suggest that a major source of
difficulty for these items is the processing of dense
modifiers that qualify, quantify, or indicate a qual-
ity of an argument.

The findings for argument density and percent
content words were also consistent with the idea
that an increased demand on the reader’s process-

ing resources is positively related to item difficulty.
The introduction of new material or new word con-

cepts should also place greater demands upon the
reader’s resourcefulness. The density of unique ar-
guments can also be related to the introduction of
new material and was positively related to difficulty
by its zero-order correlation. However, it yielded
a negative weight in the final model because of its
supressor effect of being less highly correlated with
difficulty than the other text variables. In the case
of the percent content words measure, the intro-

duction of new material refers to the density of
meaning-bearing words. The relation to item dif-
ficulty was positive in the models and by the zero-
order correlation. The density of words carrying
meaning is relatively simply reflected by this con-
tent words measure because it merely strips away
function words, such as articles and prepositions.

~’in~lly9 word frequencies should also reflect the
introduction of new word concepts as described
above. For paragraphs, word frequency was only
slightly related to difficulty, even though the sign
was positive. As with Drum et al. (1981), pre-
dicting difficulty from word frequency was less
important for the paragraph than for the response
alternatives or question stem. The poor relationship
with paragraph difficulty probably means that this
item format allowed sufficient exposure time so

that it reflected words already encoded, rather than
initial encoding. More local measures, such as

reading time, would show more significant effects
because they better tap initial encoding; once en-
coded the effect should be less, as in the present
work (see Kieras & Just, 1984).

Specific Decision Influences

All three decision events had significant impact
on item difficulty. The encoding processing stage
was measured by word frequency for the correct
answer and word frequency for the distractors. While
both had a negative relation by zero-order corre-
lations, these variables had opposing effects on
item difficulty in the models. That is, more difficult
items tended to be ones with infrequent words in
the distractors, but more frequent words for the
correct alternative. These findings reflect the in-
consistency mentioned above, where the effect of
a variable changes in different models. These find-
ings probably result from a kind of contrast effect.
For example, studies have found that items are

easier if the correct answer is more complex than
the distractors (e.g., Chase, 1964).

These results indicate a global effect for text
linking-mapping as a separate evaluation event in
the models. The percent of relevant text between
the paragraph and alternatives was positively re-
lated to difficulty and significantly improved good-
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ness of fit. An additional positively related measure
of text linking-mapping used in Model DI was the
number of prepositional comparisons between the
alternatives and the text. The Anderson reasoning
variables rejected the greater difficulty associated
with the presence of induction-deduction between
the text and the alternatives. The more highly cor-
related reasoning score for the correct answer bore
a positive weight, and that for the distractors car-
ried a suppressor effect. All of these variables re-
flect the complexity or volume of information re-
quired to evaluate alternatives against the text and
demand more processing resources of the exami-
nee.

The information processing model was expanded
by adding a two-stage falsification-confirmation re-
sponse evaluation process. Several models of the

falsification stage were compared. It was found that
falsification success, when measured as the prob-
ability of guessing correctly from the remaining
(non-falsifiable) alternatives, significantly pre-
dicted item difficulty. The Anderson paraphrase
level variable interacted with falsification, while
text mapping, as measured by number of propo-
sitional comparisons, had additive effects. Thus,
falsifying an alternative depends on transforming
the alternatives to the text, while the number of

comparisons has a more global effect on item dif-
ficulty. A large number of comparisons probably
places an overall demand on working memory, but
not on item differences in falsifiability.

In the final models, the confirmation and falsi-
fication stage variables were transformed by mul-
tiplying them by the reciprocal of the paraphrase
level. The confirmation stage was measured by
classifying items according to whether the text con-
firmed the correct answer. Confirmation had a more

substantial effect on item difficulty than did fal-
sification. Apparently, ambiguity in confirming a
correct answer creates difficult items. As for fal-

sification, encoding conversion had an interactive
effect on confirmability, while number of com-
pansons had an additive effect.

Model Comparisons

The prepositional analysis models (PI-P4) per-

formed better than two traditional indices of text

difficulty, reading grade level and word frequency.
These models were clearly superior to a popular
measure of readability alone, the Flesch (1948)
index, which accounted for only 2~l&reg; of the infor-

mation to be modeled. In contrast, the proposi-
tional analysis models accounted for 8% to 17%
of the information. Thus, as anticipated from Kintsch,
and van Dijk’s approach, item difficulty is influ-
enced by the prepositional structure of the text,
particularly by connective and modifier proposi-
tions. A five-variable Mitchell-like model fit as
well as the three-variable basic propositional model
(Pi) containing propositional density, argument
density, and word frequency, even though the
Mitchell-like model included encoding conversion.
Some additional propositional models (P2-p4) yielded
even better fit than these propositional models in
having separated total propositions into predicates,
modifiers, and argument densities, as well as in-

corporating percent content words.
Comparisons to the Anderson and Drum et al.

models generally supported the relative importance
of the decision process over the text representation
process. The Anderson model measured the extent
to which a transformation was required between
the text of the paragraph and the alternatives; that
is, it reflects decision text mapping and evaluation
stages. While the Anderson A3 model contained

only two predictors, it fit as well as much larger
models containing text representation variables.

Although Drum et al. had provided good prediction
for paragraph comprehension items on reading
achievement tests, their models did not well rep-
resent the decision process. The present approxi-
mation to their model did not fit as well as the final
model incorporating both text and decision pro-
cesses with nearly the same number of variables.

~ ~h~~~~~~~ For 1~~~~a~~~

The cognitive characteristics of test items have
an intrinsic role in the construct validity of a test.
As has been shown elsewhere (Embretson, 1983b),
construct validity may be conceptualized into two
separate aspects, construct representation and no-
mothetic span. Construct representation research ex-
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amines the construct involved in item solving from
identifying the components, strategies, and knowl-
edge structure that underlie performance. The cog-
nitive characteristics of items directly influence
construct representation by controlling the item
stimulus factors that influence cognitive process-
ing. Nomothetic span concerns the utility of an
index of item solving (i.e., the test score) for mea-
suring individual differences by examining its re-
lationships to other tests, criterion measures, and
demographic variables. Cognitive characteristics

also influence nomothetic span, if the various com-

ponents, strategies, and knowledge structures de-
fine somewhat different aspects of individual dif-
ferences (see Embrcts&reg;n, Schneider, ~ Roth, 1986).
One useful outcome of the present study for mea-

surement is an explication of the cognitive design
principles in the item bank. Although no specifi-
cations for the cognitive characteristics that were
measured here currently exist for paragraph com-
prehension items, some definite design principles
emerged from the data. First, as indicated above,
the decision component had a larger impact on item
difficulty than the text component. This implies
that the manipulation of propositional density and
type, as well as word familiarity and percentage
of content words, did not have much effect in the
item bank. Second, the complexity of the text rep-
resentational component was relatively indepen-
dent of the complexity of the decision component.
LLTM calibrations for items on text and decision

had small correlations (~ _ .18 and .23). These
results show that test developers have constructed
the items so that they may be independently influ-
enced by the text component and the decision com-
ponent.

These results imply that items could be explicitly
constructed to be difficult on either or both com-

ponents. The specific weights for the variables of
text representational complexity and decision com-
plexity suggest how to manipulate item content to
control the source of item complexity. That is, the
weights given for the cognitive model developed
above can be used to estimate the complexity of
the item on cognitive components.

Similarly, the results suggest how items may be
selected to control cognitive complexity. The par-

agraph comprehension subtest from the ASVAB is
particularly amenable to improvement (see Mor-
eno, Wetzel, ~c~ride, ~ Weiss, 1984). The lower

reliability of the paragraph comprehension subtest
compared to the other ASVAB subtests stands in
contrast to the comparable figure of . 8 to .9 for the
well known Gates-MacGinitie (1978) reading test.

However, the data also indicated that nomothetic

span may be influenced by the source of cognitive
complexity. It was found that items that were pri-
marily complex on text measured a different ability
than items that were complex primarily on deci-
sion. The trait that is measured by a specific
set of items will depend on the balance between
text and decision as sources of difficulty.

The heterogeneity of the item bank with respect
to sources of cognitive complexity, coupled with
different abilities, could lead to difficulties for the

implementation of computerized adaptive testing
for paragraph comprehension tests. Because the
items received by examinees vary in content under
adaptive testing, it is possible that examinees could
receive item sets that are extreme on text or de-

cision, thus leading to problems in score equating.
Further research is clearly needed to determine the
magnitude of this problem, as the current results
are only suggestive. If, in fact, the nomothetic span
is appreciably altered by sources of cognitive com-
plexity in the items, additional balancing of cog-
nitive characteristics between adaptive tests or more
precise item specifications may be needed.
A practical implication of the procedures devel-

oped in this work is the potential for creating a
computer program similar to STYLE (Cherry & Ves-

terman, 1980) which would allow test item writers
to &dquo;try out&dquo; the text of a new item on-line. Such

a program could return a predicted difficulty from
automated text scorings based on established pre-
dictor weights. If the item characteristics did not
fit some specification, then the test item could be
modified immediately and a new on-line analysis
could be tried until the specification was met. This
exercise would occur prior to actually administer-
ing it to a group of examinees, thereby saving the
expense of a test administration and item calibra-
tion based on a large group of examinees. Of course,
text processing technology and research on com-
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ponent models for paragraph comprehension items
is needed before this potential application can be
realized.
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