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Abstract

A new parallel distributed processing (PDP) model
possessing a statistical interpretation is proposed for ex-
tracting critical psychological regularities from the tem-
poral structure of human free recall data. The model is
essentially a non-linear five parameter Jordan sequen-
tial network for predicting categorical time-series data.
The model consists of five parameters: an episodic
strength parameter (7)), a causal strength parameter (53),
a shared causal/episodic strength parameter (), a work-
ing memory span parameter (1), and a number of items
recalled parameter (A). The “psychological validity” of
the model’s parameter estimates were then evaluated
with respect to the existing experimental literature us-
ing children and adult free recall data from four stories.
The model’s parameter estimates replicated and ex-
tended several previously known experimental findings.
In particular, the model showed: (i) effects of causal
structure 3, (ii) showed a decrease in (7+y) while 3
remained constant as retention interval increased, and
(iii) an increase in (7+y) while (3 remained constant as
subject age increased.

Introduction

Golden and Rumelhart (1991) have suggested that
story comprehension may be viewed as a process where
the reader understands a story by actively construct-
ing an appropriate cognitive representation of the text.
Moreover, a considerable amount of research in the
experimental psychological literature has shown that
the underlying cognitive representation of a text influ-
ences how the text is recalled from memory (Fletcher
& Bloom, 1988; Graesser, Robertson, Lovelace, &
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Swinehart, 1980; Kintsch & Van Dijk, 1978; Trabasso,
Secco, & Van Den Broek, 1984; Trabasso & Van Den
Broek, 1985). Thus, recall data may provide a use-
ful "psychological" window for revealing the detailed
structure of the schemata used by people in the story
comprehension process.

Fletcher and Bloom (1988) described a model of
story comprehension which integrated the earlier mod-
elling work by Kintsch and Van Dijk (1978) with recent
findings regarding the importance of causal knowledge
in text comprehension (e.g., Fletcher & Bloom, 1988;
Graesser et al.,, 1980; Trabasso et al., 1984; Trabasso
& Van Den Broek, 1985). The basic ideas behind
the early Kintsch and Van Dijk model were that: (i)
texts can be modelled as collections of propositions,
(11) groups of propostions are processed according to
some known order, (iii) various “‘selection strategies”
are used to decide which groups of propositions should
be maintained in working memory, and (iv) the time
a proposition spends in working memory affects how
effectively the proposition will be stored and retrieved
from long-term memory. More recently, Golden and
Rumelhart (1991) placed considerable emphasis upon
the temporal dimension of story schemata. Golden and
Rumelhart (1991) began by defining a "situation state
space” where a point in situation state space could be
identified as a long list of binary features. A story was
viewed as a "partially specified” trajectory (i.e., time-
ordered sequence of points) in situation state space,
while story understanding was defined as constructing
the "most probable" trajectory which was consistent
with the reader’s world knowledge.

The goal of this research is to develop a fairly
simple “minimal” model of story recall whose under-
lying cognitive assumptions can be empirically refined
and tested in considerable detail. The proposed model
is a specific instantiation of the more general theory of
text comprehension proposed by Golden and Rumel-
hart (1991), but is also closely related to the class of
processing models considered by Fletcher and Bloom
(1988). The proposed model is essentially a paral-
lel distributed processing (PDP) model with a statisti-
cal interpretation (see Golden, 1988, and White, 1989,
for reviews of this type of interpretation), and may be
briefly summarized as a five parameter Jordan sequen-
tial network (Jordan, 1992) for predicting categorical
time series data. Alternatively the model may be for-



mally viewed as a non-linear constrained time-series
path analysis statistical model of the temporal structure
in free recall data. Although a long-term goal of this
research is to develop a more realistic model of story
comprehension and free recall processes, the model in
its current form can directly aid researchers who wish
to empirically evaluate and compare alternative detailed
representational assumptions of their own theories of
human knowledge and text representation.

Modelling Assumptions

Following Golden and Rumelhart (1991), consider
the “situation state space’ for a simplified version of the
story Jack and Jill which is specified by the following
feature table (Table 1).

Table 1. Example Feature Table for a
Simplified “Jack and Jill” Story (d=3).

Text Feature Category Sentence Fragment of

Original Story

1. Go (J&J, hill) Jack and Jill went up a

hill

2. Desire (J&J,water)
3. Ingest (Jack,water)

to get a drink of water.

Jack had a drink of
water.

Thus, the story is specified by the ordered set of
text features: {1, f2, f3}.Suppose a subject recalls the
story Jack and Jill as follows: Jack and Jill wanted a
drink of water so they went up a hill. Jack had a drink
of water. This recall protocol is represented using the
situation state space coding scheme in Table 1 as the
ordered set of features: {fa, fi.f3}.

In addition to specifying a situation state space,
it is also necessary to specify critical pair-wise rela-
tionships among the text feature elements following
the work of Graesser et al. (1980) and Trabasso et
al. (1984). In this paper only three types of relation-
ships are considered but the model can be extended
to include additional types of relationships. A pure
episodic relationship is an ordered pair ( f;, fi) of two
text features such that: (i) text feature, f;, immediately
precedes text feature,f;, in the original text which was
presented to the subject, and (ii) text feature f; is not a
causal consequence of text feature f; within the story’s
context. A pure causal relationship is an ordered pair
(fj, fi) of two text features such that: (i) text feature,
fi, does not immediately precede text feature, f;, in
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the original text which was presented to the subject,
and (ii) text feature, f;, 1s a causal consequence of
text feature, f;, within the story’s context. Finally, a
shared causallepisodic relationship is an ordered pair,
(f;. fi), of two text features such that: (i) text feature,
fi, immediately precedes text feature, f;, in the original
text which was presented to the subject, and (ii) text
feature, f;, is a causal consequence of text featuref;
within the story’s context.

The cognitive architecture which will be used to
model the free recall process is based upon a type
of constrained categorical Jordan sequential network
(Jordan, 1992) which has d input units, d hidden units,
and d output units where d is the dimensionality of the
situation state space. Given the sequence of previous
items recalled by the model, the network attempts to
construct an activation pattern over the output units
which indicates what item should be recalled next.
Figure 1 shows the basic network architecture applied
to the situation state space of Table 1 where d=3. The
state of each unit is a real-valued number which is
referred to as the unit’s activation value. An "activation
pattern” is the set of activation values associated with
a particular group of units. A "situation activation
pattern” indicates a situation where only the ith feature
is active by a set of d activation values where the ith
activation value is equal to one and the other activation
values are set equal to zero. For example, feature fs in
Table 1 is represented as a situation activation pattern
by the 3-dimensional vector: [0 1 0].

The input unit activation pattern of the constrained
categorical sequential Jordan network depicted in Fig-
ure 1 indicates the contents of the model’s working
memory buffer, y(t), at the current instant in time. In
particular,

y(t) = z(t — 1) + py(t - 1)

where () < ;1 < 1. The vector z(t) is a situation ac-
tivation pattern which represents the tth item which
was recalled by the model. If the working memory
span constant 4 1s large, the model has difficulty dis-
criminating past items which were recalled. Moreover,
in this case the model’s recall of the current text fea-
ture is functionally dependent upon the last group of
itemns recalled by the model. On the other hand, if p is
small, the model’s recall of the current text feature is
only functionally dependent upon the last text feature
recalled. The presence of a working memory span con-
stant such as u is not inconsistent with recent theories
of text comprehension and retrieval processes (Fletcher
& Bloom, 1988; Kintsch & Van Dijk, 1978).

The connections from the hidden unit layer to the
output unit layer are fixed and not modifiable. These



connections are chosen so that the ith output unit acti-
vation value may be interpreted as the probability that
text feature i is recalled This “response competition”
assumption (see Murdock, 1974, pp. 82-88, for a dis-
cussion of the experimental evidence supporting this
assumption) is formally instantiated by the following
formula:

d
pi(t) = exp(hi(t))/ D _ exp(h;(t))

=1

where h;(t) is the activation of the ith hidden unit at
time ¢ and p;(t) is the activation of the ith output unit
at time f.

Figure 1. The constrained categorical Jordan
sequential network for a text with d=3
(see text for additional details).

The connections from the input unit layer to the
hidden unit layer are now considered. These connec-
tions are modifiable, but their values are also highly
constrained. Each "connection strength" or "weight"
from the input unit layer to the hidden unit layer can
be only one of three types: (i) "pure" episodic which is
represented by a single dashed arrow, (11) "pure" causal
which is represented by a single solid arrow, and (iii)
"shared" causal/episodic which is represented by both a
dashed and solid arrow. All pure episodic connections
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have exactly the same connection strength value which
is referred to as 7. All pure causal connections have
exactly the same connection strength value which is re-
ferred to as (3. And all shared causal/episodic connec-
tions have exactly the same connection strength value
which 1s referred to as . Thus, the values of all con-
nections from the input unit layer to the hidden unit
layer are identified if the free parameters 7, (3, and v
are known. Figure 1 shows how the causal and episodic
connections for the situation state space in Table 1 are
instantiated in the model. Formally, these assumptions
are instantiated by the following equation:

d
hit) = Y (e, + Bbi; + 19:,]y;(t)
=1
where e;; = 1 indicates that episodic relationship

(fi. f;) is present and e;; = 0 indicates the episodic
relationship, (fi, f;), is absent. The other constant di-
graph parameters b;; and ¢;; are specified in a similar
manner for the pure causal and shared causal/episodic
relationships. Thus, the constants ¢;;, b,;, ¢,; pre-
cisely specify specific assumptions about the underly-
ing causal chain representation of the story.

The model thus far indicates how the subject’s
previously recalled text features will influence how the
next text feature will be recalled in terms of the four
free parameters: (,7),7. and p. It is assumed that the
probability that the subject recalls M text features from
memory is given by a Poisson distribution whose mode
and mean are identified by the fifth free parameter A.
Thus, A is referred to as the parameter indicating the
expected number of items recalled.

Application of the PDP Model
to Recall Data Analysis

The proposed connectionist model was used to an-
alyze children and adult free recall data. The purpose
of this experiment was to see if estimated model param-
eters were “psychologically consistent” with respect to
the existing experimental literature. There were several
experimental questions which were of particular inter-
est in this pilot test of the psychometric PDP model’s
performance. First, are there effects of the causal struc-
ture parameter ()? Second, as retention interval in-
creases, does the episodic component (7)) of the tempo-
ral structure of the free recall protocol decrease while
the causal component (fJ) increases or remains con-
stant? Third, as age increases, does the episodic com-
ponent (77) of the temporal structure of the free recall
protocol increase while the causal component () de-
creases or remains constant? Fourth, as age increases,
does the working memory span parameter (u) increase
in value indicating an increased working memory span?



Stimuli

The four stories which Trabasso et al. (1984) used
to construct causal chain representations and evaluate
children’s recall performance were used. The dimen-
sionality, d, assoclated with each story ranged from
22 to 25. The causal digraph representations used to
decide which text features were causally related were
empirically derived based upon rating data collected
from college students but the results reported below
are similar when causal digraphs based upon the orig-
inal Trabasso et al. (1984) analyses are used.

Procedure

Two fifth grade classes of children (n=52) each
read one of the four stories, and were then asked to
write their recall of the four stories from memory. In
addition, college students (n=24) read and recalled two
of the same four stories in both an immediate recall
condition and a one-week delayed recall condition.

Data analysis and results

The recall data was coded by two coders and an
acceptable intercoder-reliability (x = 0.8) was obtained.

Model selection. The model was fit to both the
children and adult recall data using five different values
for the working memory span parameter s ji;
0/8,u2 = 1/8,n3 = 2/8,uqg = 3/8,ps 4/8.
For the adult immediate and delayed recall data, the
“best-fitting” value of p, w3=0.25 was significantly
different at the experiment-wise significance level c,
0.05/4 = 0.0125 from w3, p2, and us. The difference
in values between p3 and g4 was only marginally
significant (p = 0.03) at the preset experiment-wise
significance level.

For the children recall data, the “best-fitting”
value of pu, pu3=0.25 was significantly different at the
experiment-wise significance level a, = 0.05/4 =
0.0125 from only ps.

Data analysis. The five model parameters were
then estimated for each of the four stories for each of
the three data sets (children, adult immediate recall,
and adult delayed recall) using the “best-fitting” value
of u, u3=0.25. The average parameter estimates across
stories which resulted from “learning” the recall data
for each of the three groups are shown in Table 2. As
previously noted, 7 refers to the link strength of the
episodic links, J is the link strength of causal links,
7 is the link strength of links which are both causal
and episodic, and A is the average number of items
recalled per story.
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Let 1 be a 12-dimensional vector containing the
parameter estimates of some unobservable parameter
vector w whose ith element is w; in Table 2. Golden
(1993) proved that under fairly general conditions, the
parameter vector w is a quasi-maximum likelihood es-
timate which converges to a unique parameter vector as
the number of subjects increases. Golden (1993) used
White’s (1989) asymptotic statistical theory to derive
a formula for the variance, c;;, associated with the ith
parameter estimate and the covariance, r;;, associated
with the ith and jth parameter estimates. Golden (1993)
showed how to use the Wald test involving the Wald
statistic W recommended by White (1989) to test null
hypotheses of the form: H, : 3, s;w; = 0 where the
coefficients s; are the coefficients of a ‘“‘contrast” or
“selection” vector. In addition, Golden (1993) showed
how to use the Wald test to construct “omnibus” statis-
tical tests for deciding if the set of parameters estimated
from one data set are significantly different from the set
of parameter estimates associated with another data set.

Table 2. Model parameter estimates averaged across
four stories for each of the three data sets.

n B Y A
Fifth Graders 365 | 2.15 | 3.60 | 102
Adult Immediate 399 | 205 | 398 | 14.1
Adult 1-Week 3.71 1.84 | 3.68 | 13.1
Delay

The results of the data analysis are now reported
using the statistical tests derived by Golden (1993).
The first of two planned omnibus comparisons between
the adult immediate recall condition and adult delayed
recall condition was significant (W(4) = 11.9,p <
0.02). Post-hoc analyses of the data indicated that
these differences were most likely due to effects of only
the episodic digraph ([n + 7]/2)(W(1) = 7.26,p <
.01) and an effect of the number of items recalled
(A) (W(1) = 5.73,p < .02). Additional post-hoc
analyses showed that the causal strength parameter
(B) was significantly different from zero (W(1) =
765, p < 0.001) as was the episodic strength parameter
(m) (W(1) = 3099,p < 0.001).

The second omnibus comparison between the chil-
dren recall data and the adult immediate recall data



was highly significant (W(5) = 73.18,p < 0.001).
Post-hoc analyses of the data indicated that these dif-
ferences were due to an effect of number of items re-
called (A) (W(1) = 67.8,p < 0.001), and an effect of
episodic structure ([n++]/2)(W(1) = 8.32,p < .005).
Additional post-hoc analyses showed that the causal
strength parameter (/7) was significantly different from
zero (W(1) = 546,p < 0.001) as was the episodic
strength parameter (1) (W(1) = 2507, p < 0.001).

Discussion

The positive contribution of the causal strength
parameter () replicates and extends previous findings
(e.g., Graesser et al., 1980; Trabasso and Van Den
Broek, 1985) that causal structure does influence mem-
ory for text by demonstrating the effects of causal struc-
ture upon the temporal structure of recall protocols. In
addition, as retention interval increased, effects of pure
causal structure (J) remained constant while effects
of episodic structure (1+y) decreased which provides
converging evidence supporting previous findings (e.g.,
Kintsch & Van Dijk, 1978; Trabasso et al., 1984; Tra-
basso & Van Den Broek, 1985). For the developmen-
tal data, as age increased, effects of pure causal struc-
ture (B) remained constant while effects of episodic
structure (7+7y) increased. This finding replicates the
findings of Mandler (1978) and Mandler and DeForest
(1979) and additionally suggests that children’s recall
1s more schema based simply because children forget
more details of the text’s temporal structure. Thus, the
model seems to be sufficiently sensitive for estimating
critical parameter values directly from recall protocol
data.

Still, there was an absence of age-related effects
upon the working memory span parameter (;z) which
was puzzling since Goldman, Hogaboam, Bell, & Per-
fetti (1980) did find such effects using a memory probe
task. On the other hand, the working memory span pa-
rameter did appear to be text-dependent which is con-
sistent with Fletcher’s (1986) post-hoc data analyses.
Finally, the small number of texts and the develop-
mental comparison between fifth graders and adults as
opposed to second and fifth graders suggest that the
above experimental findings should be cautiously in-
terpreted.
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