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Causal network analysis validation
using synthetic recall protocols

RICHARD M.GOLDEN
University of Texas at Dallas, Richardson, Texas

Subjects read and recalled 12short texts in a memory recall experiment. The order in which subjects
recalled the propositions in the text was recorded. A causal network analysis of each text was then
done in order to determine how the propositions in each text were causally related. In addition, an
episodic memory network analysis of each text was done in order to represent the original order of
propositions presented to each subject in the experiment. The human text recall data were then ana
lyzedusing a new statistical methodology known as the temporal Markov field (TMF)approach, which
makes explicit probabilistic predictions about the ordering of propositions in human subject recall pro
tocols in terms of the causal network and episodic memory network analysis of a given text. Samples
from the TMFprobability model were then used to generate synthetic protocol data using half of the
human subject data. Statistics computed with respect to the remaining half of the human subject data
and the synthesized protocol data were qualitatively similar in many respects. Relevant discrepancies
between the human protocol data and synthesized protocol data were also identified.

The generic model of text comprehension and mem
ory is based upon the idea that the reader forms a situa
tion model as a by-product ofthe text comprehension pro
cess (Van Dijk & Kintsch, 1983). This situation model
then plays a dominant role in guiding story recall, summa
rization, and question-answering processes. The com
ponents ofa situation model can be modeled as knowledge
digraphs (i.e., knowledge directed graphs or semantic
networks). One example of such a knowledge digraph is
the network generated by a story grammar (Stein & Glenn,
1979). Another closely related text knowledge digraph is
a causal network that indicates how the propositions in a
text are causally related to one another. It has been shown
that statements with more causal connections are more
likely to be recalled from memory (Trabasso, Secco, &
Van den Broek, 1984; Trabasso & Van den Broek, 1985),
included in a summary of a text (Van den Broek & Tra
basso, 1986), and rated as more important (Van den Broek,
1988).

This paper discusses an application of the temporal
Markov field (TMF) framework for constructing explana-
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tory probabilistic situation models ofrecall protocol data.
In this paper, only two text knowledge digraphs are con
sidered. The first text knowledge digraph is a causal di
graph that indicates which pairs of text propositions are
causally related. The second text knowledge digraph is
an episodic memory digraph that indicates the ordering
of propositions in the original text.

This paper is organized in the following manner. First,
the TMF framework is briefly described. Second, a text
recall experiment involving human subjects is described.
The data from the text recall experiment will then be used
to illustrate an application of the TMF methodology for
generating simulated text recall protocols from a given
probabilistic text knowledge representation scheme.

TEMPORAL MARKOV FIELD
FRAMEWORK

In this section, the details of the Markov field proba
bility model are briefly reviewed. The specific formulas
described in this section are discussed in detail and derived
elsewhere (Golden, 1996a). An introduction to Markov
random fields may be found in Golden (1996b).

Text Propositions
A particular text is modeled as an ordered sequence of

text propositions. For example, consider the following
story which is based upon the Aesop '5 fable titled "The
Two Frogs":

The two frogs and the well. Two frogs dwelt in the same
pool ofwater. The pool dried up in the summer's heat. The
two frogs left the pool of water. The two frogs began their
search for another pool ofwater. As the two frogs travelled
along they reached a well. The well was very deep. The
first frog said that the well would provide them with shel-
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Working Memory Modeling Assumptions
Let y be a d-dimensional real vector whose jth ele

ment'Yj' indicates the degree to which text propositionj

ter and food. The first frog wanted to enter the well. The
second frog replied, "Suppose the well's bottom is not a
good home." The second frog said, "How will we get out
of the deep well in that case?" (adapted from The Book of
Fables, 1963)

A text proposition table explicitly identifies all text
propositions within a given text. The text proposition
table for "The Two Frogs" is shown in Table 1. Table 2
shows the text proposition table for "The Miser," which
is based upon another fable written by Aesop (adapted
from The Book ofFables, 1963). In the left-hand column
of the text proposition table is the text proposition iden
tification code that identifies the text proposition of in
terest. In the right-hand column is an illustrative instance
of the text proposition concept.

In addition, a particular story text can be abstractly
represented in terms of the elements of a text proposi
tion table. The specific story text associated with the text
proposition table in Table 1 is the frog story, which is ab
stractly represented by the following ordered sequence
of text propositions:

{fl,f2,f3,fs,f6,f7,fg,f9,f1O,f12,f13,f14}'

Similarly, human subject protocol data can also be rep
resented within this framework as an ordered sequence
oftext propositions. Finally, notice that text propositions
f6, f II, and fI2are not present in the miser text. These text
propositions are hidden text propositions and were used
only for the purposes ofcoding human subject text recall
protocol data. Hidden text propositions are indicated in
the text proposition table as sentence fragments that are
expressed in uppercase letters (see Table 2).

Knowledge Digraph Modeling Assumptions
The associative links identified by a text knowledge

analysis are used to specify the free parameters ofa spe
cial d-dimensional matrix, which is called the W matrix.
The W matrix may be graphically represented as a
weighted digraph (directed graph). The ijth element of
W indicates the degree to which the activation of the jth
text proposition, Yj' in the working memory buffer, y =
[Y1, ... , Yd], influences the probability that the ith text
proposition will be recalled.

This paper considers only two qualitative types of as
sociative links in the W matrix. The first type of asso
ciative link is an episodic memory link, which is identi-

TITLE: The miser, the neighbor, and the gold.
A miser bought a lump of gold using all of his money.
The miser buried the gold in the ground.
The miser looked at the buried gold each day.
One of the miser's servants discovered the buried gold.
**THE SERVANT WANTED THE MISER'S GOLD**
The servant stole the gold.
The miser, on his next visit, found the hole empty.
The miser was very upset.
The miser pulled his hair.
**THE NEIGHBOR WANTEDTO MAKE THE MISER

FEEL BETTER**
**THE NEIGHBOR WANTED THE MISER TO REAL

IZE A STONE WASAS USELESS AS THE GOLD**
A neighbor told the miser not to be upset.
The neighbor said, "Go and take a stone, and bury it in

the hole."
The neighbor said, "And imagine that the gold is still

lying there."
The neighbor said, "The stone will be as useful to you

as the gold."
The neighbor said, "When you had the gold, you never

used it."
The end.

Instance of Text Proposition (Sentence Fragment)

Table 2
Miser Text Proposition Table

Text
Proposition

is active in working memory. The vector y is called the
working memory buffer.

Let the ith proposition in the text proposition table, f i ,

be represented as a d-dimensional vector with a one in
position i and zeros in all remaining d-l positions. Let
the notation x(t) = f i indicate that the tth proposition re
called by a human subject was text proposition f i . Then,
the working memory buffer y is updated according to the
formula: y(t+ I) = x(t) + /ly(t), where /l is some real num
ber between 0 and 1 inclusive. The parameter /l is called
the working memory decay rate. Notice that in the case
where /l = 0, information decays instantaneously in the
working memory butler. In practice, a small finite set of
possible values for the working memory decay rate pa
rameter is chosen, and the value of the working memory
decay rate parameter that best fits the recall data is se
lected. In the analyses reported here, the set of possible
values for /l were 0, 1/8,2/8,3/8,4/8,5/8, 6/8, and 7/8.

TITLE: The two frogs and the well.
Two frogs dwelt in the same pool of water.
The pool dried up in the summer's heat.
**THE TWO FROGS DECIDED TO FIND ANOTHER

HOME**
The two frogs left the pool of water.
The two frogs began their search for another pool of

water.
As the two frogs travelled along they reached a well.
The well was very deep.
The first frog said that the well would provide them with

shelter and food.
The first frog wanted to enter the well.
**THE SECOND FROG WANTEDTO THINK ABOUT

THE WELL AS A NEW HOME**
The second frog replied, "Suppose the well's bottom is

not a good home."
The second frog said, "How will we get out of the deep

well in that case?"
The end.

Instance of Text Proposition (Sentence Fragment)

Table 1
Frog Text Proposition Table

Text
Proposition
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Probabilistic Modeling Assumptions
Let d be the number of text propositions in the text

proposition table. As previously noted, the}th text propo
sition in the text proposition table is represented as a
d-dimensional vector, where the }th element is equal to

fied by examining the original order of presentation of
text propositions in the texts presented to the human sub
jects. If text proposition i follows text proposition}, then
an episodic memory link from proposition} to proposi
tion i is formed. The second type of associative link is a
causal link, which is identified using a causal network
analysis based upon Mackie's (1980) notion of counter
factual causality. An overview of this causal network
analysis may be found in the reviews by Van den Broek
(1990a, 1990b). The details ofthe specific analysis used
here are reviewed in a technical report by Golden (1996a).
It is sometimes convenient to view the weighted digraph
W as the sum of two weighted digraphs that correspond
to the episodic memory link and causal link contributions.

The link strengths ofboth episodic memory and causal
links in the weighted digraph Ware free parameters of
the model, which are estimated for each text using quasi
maximum likelihood estimation (see Golden, 1996b, for
a discussion of quasi-maximum likelihood estimation).
The remaining elements of the W matrix, which were nei
ther episodic memory links nor causal links, were not free
parameters and were constrained to have the value of
zero. Example knowledge digraph analyses for the frog
and miser texts are shown in Figures 1and 2, respectively.

"MISER"

Figure 2. The causal and episodic knowledge schemata associ
ated with the miser text proposition table in Table 2. The number
in each node identifies a particular text proposition in Table 2. A
dashed arrow from node j to node i refers to the episodic rela
tionship indicating that text proposition i immediately followed
text propositionj in the text originally presented to the subject. A
solid arrow from node j to node i refers to the causal relationship
indicating that text proposition j caused the occurrence of text
proposition i according to a counterfactual causality criterion.
Causal and episodic associative link strengths whose values were
estimated to be equal to zero are not shown in this figure.

p(x(l), ... , x(M) 1M) = (1/ z)exp[~x(tlWy(t)J (1)

one and all other d-I elements are equal to zero. As
sume that the human subject has recalled M text propo
sitions x( 1), ... , x(M) from memory, where xU) is the
text proposition that was located in the}th position of the
recall protocol. For t = 1 ... M, let

y(t) = [Yl(t), ... ,Yd(t)] = x(t-l) + ,uy(t-l)

define the contents of the working memory buffer of the
human subject after t propositions have been recalled.
Assume x(O) = y(O) is a d-dimensional vector of zeros.
The real parameter zz (0 :::;,u < 1) is the working memory
decay rate.

The probability mass assigned to a given recall proto
col for a given text with digraph W is defined by the
formula

I
J

cb

"FROG"
Figure 1. The causal and episodic knowledge schemata associ

ated with thefrog text proposition table in Table 1. The number
in each node identifies a particular text proposition in Table 1. A
dashed arrow from node j to node i refers to the episodic rela
tionship indicating that text proposition i immediately followed
text propositionj in the text originally presented to the subject. A
solid arrow from nodej to node i refers to the causal relationship
indicating that text propositionj caused the occurrence of text
Proposition i according to a counterfactual causality criterion.
Causal and episodic associative link strengths whose values were
estimated to be equal to zero are not shown in this figure.

where Z is some positive real-valued function ofW, which
is not functionally dependent upon x(1), ... , x(M). For
a given W, Z is called the normalization constant and is
chosen so that p(x(1), ... , x(M)IM) is a probability mass
function.

The joint probability mass function in Formula 1 can
now be used to calculate (see Golden, 1996a, for specific
details) the local conditional probability the human sub
ject will recall the ith text proposition in the text propo
sition table given knowledge of aU other propositions
recalled by the human subject (i.e., knowledge ofpropo-
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sitions 1, 2, ... , i-I, i+1, ... , M). In particular, let the
local potential function ~,i be defined, such that

~.i =fr[Wy(s)+ t!JWj/-l-SrX(t)J (2)

Then, the conditional probability that the sth proposition
in a recall protocol is the ith text proposition recalled
given knowledge of all other propositions in the recall
protocol can be explicitly computed from Formula 1 and
shown (see Golden, 1996a, for details) to be expressed
by the formula

In this section, a specific application of the general
TMF text schema framework to the problem of synthe
sizing human-like text recall protocols will be consid
ered. Example applications ofthe TMF framework to text
recall data analysis have already been described (Golden,
1994, 1995; Golden, Golden, Strickland, & Choi, 1993).
The TMF sampling algorithm evaluation study involved
two stages. The first stage (Experiment I) involved the
collection and analysis ofhuman recall data. The second
stage (Simulation Study 1) used half of the human recall
data (parameter estimation data set) collected in the first
stage to estimate the parameters of the TMF probability
model and used the remaining human recall data (model
evaluation data set) to evaluate both the TMF sampling
algorithm and the text knowledge digraph analyses.

Experiment 1
In this experiment, 24 human subjects recalled 12 short

paragraph-length texts from memory. The 24 subjects were
then randomly divided into two groups of 12 subjects.
Experiment 1 had three specific goals. First, one of the
two groups ofhuman subjects (the parameter estimation
group) was used to estimate the parameters of the TMF
sampling algorithm, and the other group of human sub
jects (the model evaluation group) was used to evaluate
the sampling algorithm's performance. Thus, Experi
ment 1 provided a data set for evaluating the TMF sam
pling algorithm. Second, Experiment 1 was designed to
replicate the classical finding that statements with more
causal connections are more likely to be included in a re
call protocol (Fletcher & Bloom, 1988; Graesser, 1978;
Graesser, Robertson, Lovelace, & Swinehart, 1980; Tra
basso et aI., 1984; Trabasso & Van den Broek, 1985).
And, third, Experiment 1 was designed to investigate the
"stability" of text recall data for relatively small sample
sizes. That is, to what extent are the qualitative and quan
titative properties of human text recall data preserved
across samples of small sample size?

Method
Materials. Fourteen short texts were used. The texts are refer

enced by the following 14 words: bear, cuckoo, dragon,frog, hare,
hunter, lion, merchant, miser, monkey, old woman,peasant,philoso
pher, and traveller. The texts bear and philosopher were filler texts,
whereas the remaining 12 texts were experimental texts. The texts
were specially written adaptations of a set of fables and fairy tales
(Anonymous, 1963; Walker, 1988). Specially designed "titles" for
the 14 texts were also generated. The titles simply listed the main
actors of a given text in order to avoid providing the subject with
useful retrieval cues based upon the story's titles.

The adaptations were designed so that each sentence (statement)
was identified with a unique complex text proposition. In addition,
an attempt was made to keep the average number of words per sen
tence roughly constant while maintaining the simplest possible sen
tence structure. Sentences in the texts tended to follow a standard
subject-verb-object format. In addition, the use of anaphoric ref
erence in the texts was also minimized. Thus, the texts were de
signed so that there were few syntactic cues in the text for helping
the reader recall one sentence given another sentence. Suppose that
a sentence in the text had described an agent who is thinking about
an event or who is verbally expressing an event. That sentence in the
text was then rewritten to clearly identify the agent and the event
using a standard subject-verb-object format. Representative ex
amples of2 of the 14 texts can be found in Tables I and 2.

Design. Twelve distinct sequences ofall 14 texts were generated
consisting of 12 experimental texts and 2 filler texts. The first text
in all 12 sequences was the bear text. The last text in all 12 se
quences was the philosopher text. The bear and philosopher texts
were filler texts. The 12 text sequences were constructed using a
balanced Latin square design so that, across all 12 sequences,
(1) each experimental text was presented in all 12 possible positions
in a sequence and (2) each experimental text preceded and followed
each of the II other experimental texts.

Subjects. Twenty-four upper division students from the Univer
sity of Texas at Dallas participated in the experiment in order to
satisfy a course requirement. Pairs of subjects were randomly as
signed to 12groups. One member ofeach of the 12 subject pairs was
randomly assigned to the parameter estimation group. The other
member of that subject pair was assigned to the model evaluation
group. Each of the 12 groups of subjects was randomly assigned I
ofthe 12 text sequences. Each subject was individually tested by an
experimenter.

Procedure. The experiment was divided into three parts. In the
first part, each subject read each text in his or her assigned text se
quence, one sentence at a time, using a self-paced procedure that in
volved clicking the mouse button on an arrow "button" on the com
puter screen. Each sentence was displayed in the center of the
screen ofa Macintosh SE30 computer. The computer program used
in this experiment was written using the Hypercard programming
language. In particular, the title of the text was first presented, then
each sentence of the text was presented, and, finally, the phrase
"The end" was presented by itselfon the computer screen. The sub
jects were instructed to read the stories because they would be asked
to answerquestions about the stories at a later time. The subjects were
not told they would be asked to recall the stories from memory.

During the second part of the experiment, the subjects participated
in an intervening task, which was a pilot study for another experi
ment. During this task, the subjects read out loud several sets ofun
related sentences. This phase of the experiment lasted approxi
mately 5-15 min.

During the third part ofthe experiment, the experimenter recorded
all verbal responses of the subjects using a cassette tape recorder.
The first sentence of each text (not the text title) was used as a re
trieval cue. This sentence was displayed on the computer screen.
While the sentence retrieval cue remained on the computer screen,
the subjects were asked to verbally recall the original text from
memory. The subjects were instructed to say "finished" or "done"

(3)
exp[V"i]

d

I.exp[V"k]
k=l

Ps,i =

TMF SAMPLING ALGORITHM
EVALUATION STUDY
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Table 3
Human Recall (Model Evaluation Group)

Protocol Data for Frog Text

when they had completed their recall of the story. The sequence of
texts presented to the subject during the retrieval phase of the ex
periment was exactly the same sequence presented to the subject
during the reading/encoding phase of the experiment. Subject I.O. Text PropositionSequence

Table 4
Human Recall (Model Evaluation Group)

Protocol Data for Miser Text

ond factor (text) indicated the story identity and, thus,
had 12 levels. The third factor (statement item) was the
identity of a particular statement that had originally ap
peared in the text and, thus, could potentially be recalled
by the subject. The item factor was nested within the cross
ing of the text and causal connectivity factors. The item
factor was also crossed with the subjects factor.The fourth
factor was the subjects factor.

The analysis was done in three different wayssince there
were three random factors (subjects, texts, and items).
First, the text and item factors were ignored, and the sub
jects factor was treated as a random factor. The F statis
tic computed for this analysis will be referred to as Fs'

Second, the subjects and item factors were ignored, and
the text factor was treated as a random factor. The F sta
tistic computed for this analysis will be referred to as Ft.
Third, the subject and text factors were ignored, and the
items factor was treated as a random factor. The F statis
tic computed for this analysis will be referred to as Fi•

The statistic Fmin is computed by taking the minimum of
r; r; and r;

The data analysis of the human subject model evalua
tion group replicated the well-known finding that state
ments with more causal connections are more likely to
be recalled. In particular, as the number ofcausal connec
tions to a statement increased, that statement's recall
probability tended to increase as well [Fs(2,2) = 31.52,

Text PropositionSequence

Subject 1
Subject 2
Subject 3
Subject 4
Subject 5
Subject 6
Subject 7
Subject 8
Subject 9
Subject 10
Subject 11
Subject 12

Subject 1
Subject 2
Subject 3
Subject4
Subject 5
Subject 6
Subject 7
Subject 8
Subject 9
Subject 10
Subject 11
Subject 12

Subject I.O.

Results and Discussion
Human recall data coding. The recall protocol data

were coded by one coder according to the following pro
cedure. First, each subject's verbal protocol was tran
scribed. Second, the verbal protocol was parsed into
phrases corresponding to the clauses identified by the
text proposition table. Third, the verbal protocol was rep
resented by a sequence of numbers indicating both the
content and the ordering of the statements in the verbal
protocol. For example, the first subject in the model eval
uation group recalled the miser text as follows:

Okay this is where a miser got a big hole and he would put
all his gold in and cover it up and he would go back and
look at it all the time just to remind himself that he had
this gold. Well evidently he told his neighbor and his neigh
bor one time went and got all the gold and then whenever
he went back one day the gold wasn't there. So he was just
devastated. He told his neighbor and the neighbor said
why don't you put a stone in there and because you were
never using the gold anyway and you can just go back and
look at that stone and it would be the same.

r, ,f4,fg,fg,fI4,fI7,fI5'

Thus, for each of the 12 texts, 24 rows of text propo
sition identification numbers were generated correspond
ing to the recall protocols of the 24 subjects who recalled
each of the 12 texts. The raw recall protocol data gener
ated from the 12 subjects in the model evaluation group
for thefrog and miser texts are shown in Tables 3 and 4, re
spectively. Note that the human recall protocols were
coded using both hidden and nonhidden text propositions.

Statement recall probability analyses across texts.
A statement's recall probability per protocol was defined
as the reciprocal of the number of distinct statements in
the protocol if the statement was recalled and zero other
wise. The statement recall probability data of the model
evaluation group were analyzed using an analysis ofvari
ance (ANOVA) model. In addition, a causal network anal
ysis of each of the 12 texts was done using the method
ology ofVanden Broek (1990a, 1990b). The details ofthe
specific causal network analysis that was used may be
found in the technical report by Golden (1996a).

The first factor (causal connectivity) had three levels
that indicated whether a given statement participated in
a small number of causal connections (i.e., zero or one
causal connection), a moderate number of causal con
nections (i.e., two or three causal connections), or many
causal connections (i.e., four or more causal connec
tions). It should be noted that the distribution of causal
connections is highly irregular, and, thus, the ANOVA
model used to analyze the data is unbalanced. The sec-

This protocol was coded using the proposition table in
Table 2 as the sequence oftext proposition identification
numbers
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p < .0001; F/38,1557) = 4.17,p < .0001; Fmin(2,22) =
12.09,p < .0005].

Statement recall probabilities for individual texts.
In this section, an additional detailed analysis of state
ment recall probabilities for individual texts was done.
The degree to which the two groups of human subjects
provided consistent response patterns was first evalu
ated. Statement recall probability for the first group of
human subjects (parameter estimation group) were pos
itively correlated with statement recall probability for
the second group of human subjects (model evaluation
group) for 9 of the 12 texts. These 9 texts were cuckoo
[r(10) = .682, p < .05], dragon [r(12) = .94, p < .05],
hunter [r(1l) = .81, p < .05], lion [r(9) = .64, p < .05],
merchant [r(8) = .73, p < .05], miser [r(10) = .93, p <
.05], monkey [r(8) = .66, P < .05], old woman [r(8) =
.81,p < .05], and peasant [r(12) = .84,p < .05]. State
ment recall probability for the first group ofhuman sub
jects was not correlated with the second group of human
subjects for the remaining three texts: frog [r(7) = .35,
p = .32],hare[r(7) = .48,p = .15], and traveller [r(7) =
.41,p = .24]. Despite the fact that each group ofsubjects
consisted ofonly 12 human subjects, there was fairly good
agreement between patterns of responses for statement
recall probabilities for specific texts.

Next, an analysis was done to evaluate the extent to
which statement recall probability for a given statement
was correlated with the number ofcausal connections as
sociated with that statement for the human subjects in
the model evaluation group. For the model evaluation
group of human subjects, statement recall probability
was positively correlated with causal connectivity for 7
of the 12 texts: dragon [r(12) = .61,p < .05], hunter
[r(11) = .67, p < .05], lion [r(9) = .55, p < .05], mer
chant [r(8) = .81,p < .05], miser [r(10) = .61,p < .05],
old woman [r(8) = .87, p < .05], and peasant [r(12) =
.58, p < .05]. Statement recall probability was not corre
lated with causal connectivity for the other 5 texts: cuckoo
[r(10) = .26, P = .39],frog [r(7) = .16, p = .66], hare
[r(7) = .14,p = .71], monkey [r(8) = .41,p = .20], and
traveller [r(7) = .18, p = .63].

Simulation Study 1

In this computer simulation study, the data collected in
Experiment 1 from the parameter estimation group were
used to estimate the parameters ofthe TMF sampling algo
rithm. The data from the model evaluation group ofhuman
subjects were used to evaluate the TMF sampling algo
rithm's performance. There were four major goals for this
simulation study.

First, Simulation Study 1 was designed to evaluate the
TMF synthesized recall protocols in order to see if state
ments with more causal connections were more likely to
be included in synthesized TMF recall protocols. Thus,
a qualitative comparison between the TMF synthesized
recall data and human recall data could be made. Sec
ond, because the parameters of the TMF model were es
timated from one group of human subjects and the TMF

sampling algorithm was tested on a second group ofsub
jects, novel quantitative predictions of the TMF sam
pling algorithm could be made.

A third major goal of this simulation study was to
evaluate the "stability" of text recall data synthesized by
the TMF model. In particular, the issue of how the TMF
model's predictions varied as a function of the number of
iterations of the algorithm was systematically investi
gated. According to the main convergence theorem (see
Geman & Geman, 1984; Golden, 1996a), after a suffi
ciently large number of iterations of the Gibbs Sampler
algorithm, the TMF synthesized recall protocols will be
representative of true random samples from the TMF
probability distribution. To investigate the rate of con
vergence (i.e., the validity of the synthesized recall proto
cols), synthesized recall protocols generated from 10, 100,
and 1,000 iterations of the sampling algorithm were ex
amined in this simulation study.

Finally, the fourth major goal of the simulation study
was to closely examine a few of the temporal ordering
predictions of the TMF model. Unlike other models of
text recall in the literature (e.g., Fletcher & Bloom, 1988;
Graesser et aI., 1980; Kintsch & Van Dijk, 1978), the TMF
model can make explicit qualitative and quantitative pre
dictions regarding the ordered sequence of statements
recalled by human subjects.

Method
Texts and knowledge digraphs. The texts that were used in Ex

periment I and the knowledge schemata and recall data generated
in Experiment I were used in this simulation study.

Parameter estimation procedure. Approximately 1.1h ofCPU
time on a Spare 20 are required in order to estimate the episodic
memory and causal digraph parameters for the eight miser models
for the eight possible values of the working memory decay rate. In
this prototype version of the program that is implemented in the
MATLAB programming language, no attempt was made to "opti
mize" either the algorithm (which was a generic gradient descent
type algorithm) or the software code. Details of the specific gra
dient descent optimization procedure may be found in Golden
(I 996a).

Procedure for generation of synthesized recall protocols.
Since there were 12 subjects in the human training data group and
12 subjects in the human testing data group, 12 recall protocols
were synthesized for each of the 12 texts. The procedure for gener
ating the synthesized recall protocols involves using Equation 3 in
conjunction with the Geman and Geman (1984) Gibbs sampler al
gorithm (see Golden, I996b, for a review). The procedure is sum
marized as follows.

Step 1. Sample from the empirical distribution ofrecall protocols
in order to obtain the number of items to be recalled by the simulated
human subject. Let this number of items be denoted as M.

Step 2. Note that each text proposition is a d-dimensional vector
with a I in exactly one position (indicating the text proposition's
identity) and zeros in the remaining d-I positions. Generate a re
call protocol consisting of M randomly chosen and ordered text
propositions given the constraint that the Ist and Mth text proposi
tions are chosen to be the retrieval cue given to the human subjects
and the last text proposition of the story ("The end"), respectively.

Step 3. Pick a random integer from the set {2, 3, .. , ,M-I}. De
note this random integer as s.

Step 4. Use Equation 3 to compute the local conditional proba
bility of the sth item in the recall protocol being equal to the ith



text proposition. Then, let the sth item in the recall protocol be equal
to a sample from that local conditional probability mass function.

Step 5. Go to Step 3 until some convergence criteria are satisfied.
The Geman and Geman (1984) Gibbs sampler algorithm for

the TMF probability model was used (see Appendix of Golden,
1996a, for the details of the derivation) to sample from the TMF
probability distribution. The algorithm is a natural generalization of
a Boltzmann machine algorithm (Ackley, Hinton, & Sejnowski,
1985) running at "thermal equilibrium" (i.e., temperature equal to
one) where the units are d-valued (where d is the number of text
propositions) as opposed to binary-valued units. In this prototype ver
sion of the program that is implemented in the MATLAB program
ming language, no attempt was made to optimize the software code.
Approximately 2.8 h ofcpu time on a Spare 20 are required in order
to generate 24 synthetic recall protocols from the miser TMF prob
ability model.

Results and Discussion
Statement recall probability analyses across texts.

As in Experiment 1, a statement's recall probability per
protocol was defined as the reciprocal of the number of
distinct statements in the synthesized protocol if the
statement was recalled and zero otherwise. Figure 3 pro
vides a comparison of the performance of the TMF sam
pling algorithm after 1,000 iterations with the human sub
ject data. For statement recall probabilities across texts,
the TMF model provides a reasonable fit to the human
subject parameter estimation data. In addition, the TMF
model makes surprisingly effective qualitative and quan
titative predictions on the human subject model evalua
tion data set. Note that both human subject data sets and
the TMF -generated data exhibit the important qualitative
feature that, as causal connectivity increases, statement
probability of recall tends to increase. Figure 3 also pro
vides insights into the intrinsic variability in the human
subject protocol data; the data from two independent
groups of human subjects are plotted.
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Figure 3. Human and model statement recall probability as a
function of causal connectivity. Statistics are computed across all
12 texts. The human training (parameter estimation) data and
human test (model evaluation) data are both qualitatively and
quantitatively similar to the TMF model's synthesized protocol
data. The human and model protocol data are consistent with the
hypothesis that statements with more causal connections are
more likely to be included in a recall protocol.
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Figure 4 shows statistics computed from the TMF mod
el's synthesized recall protocols after 10, 100, and 1,000
iterations ofthe sampling algorithm. Notice that the state
ment recall probability statistics are relatively stable be
tween 100 and 1,000 iterations ofthe TMF sampling algo
rithm. After only 10 iterations, however, the statement
recall probability statistics are not completely stable. In
particular, statements with exceptionally low statement
recall probabilities tended to have their recall probabili
ties overestimated by the sampling algorithm after only
10 iterations.

The statement recall probability data generated by the
TMF sampling algorithm were analyzed using an ANOVA
model where the first factor (iterations) was a between
groups factor whose three levels indicated ifthe data were
generated from a simulation involving 10, 100, or 1,000
TMF algorithm iterations. The second factor (causal con
nectivity) had three levels that indicated whether a given
statement participated in a small number of causal con
nections (i.e., zero or one causal connection), a moderate
number ofcausal connections (i.e., two or three causal con
nections), or many causal connections (i.e., four or more
causal connections). As in Experiment 1, the ANOVA
model used to analyze the design was unbalanced be
cause no attempt was made to control the causal con
nectivity structure of the texts. A third factor (text) indi
cated the story identity and, thus, had 12 levels. The fourth
factor (statement item) indicated the identity of a state
ment that had originally been presented in a particular
text and could potentially be recalled. The item factor
was nested within the crossing of the text factor and the
causal connectivity factor. The fifth factor (computer
simulated subjects) was nested within the iterations fac
tor. The subjects factor was crossed with the item factor.
The Fmin analysis of Experiment 1 was used to analyze
the data in the computer simulations as well.

As the number ofcausal connections to a statement in
creased, that statement's recall probability tended to in
crease as well [Fs(2,66) = 885.08, p < .0001; F1(2,22) =
24.81,p < .0001]; Fmin(2,36) = 13.25,p < .0001]. In ad
dition, the statement recall probabilities for the 10 itera
tion condition (M = .06640) were different from the
statement recall probabilities in the 100 iteration (M =
.07303) and the 1,000 iteration (M = .07307) conditions
[F1(2 ,22) = 9.11, P < .005; Fs(2,33) = 8.97, p < .005;
Fmin(2,72 ) = 3.19,p < .05]. There was no interaction of
the iteration and causal connectivity conditions [Fs(4,66) =
2.78, P < .05; Fi(4 ,72 ) = 0.92, p = .46; Fmin(4 ,44 ) =
0.76,p = .56].

Quantitative and qualitative predictions for specific
texts. This section examines the predictive performance
of the model with respect to statement recall probabili
ties for specific texts. In particular, statement recall
probabilities for the synthesized TMF model recall data
set were positively correlated with statement recall prob
abilities for the human subjects (model evaluation group)
for 6 ofthe 12 texts: dragon [r(l2) = .59,p < .05], hunter
[r(ll) = .54, P < .05], lion [r(9) = .70, P < .05], miser
[r(lO) = .87, P < .05], old woman [r(8) = .66, p < .05],
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Figure 4. Statement recall probability as a function of causal
connectivity and TMF algorithm iterations. The statistics com
puted from the TMF synthesized recall protocols are similar for
100 and 1,000 iterations ofthe algorithm, which is not inconsis
tent with the hypothesis that the TMF algorithm has converged.

andpeasant [r(l2) = .65,p < .05]. Statement recall prob
abilities for the synthesized TMF model recall data set
were not correlated with the human subject (model eval
uation group) data for the other 6 texts: cuckoo [r( I0) =

.25, p = .42], frog [r(7) = .022, P = .96], hare [r(7) =

.35, p = .33], merchant [r(8) = .54, P = .07], monkey
[r(8) = .35,p = .29], and traveller [r(7) = .56,p = .07].

Figure 5 shows how statement recall probabilities for
the TMF model and both groups of human subjects vary
as a function ofcausal connectivity for the frog text. The
frog text is distinguished as having an especially low cor
relation between the model's recall and the recall ofhuman
subjects in the model evaluation group. Examination of
Figure 5 still reveals a fairly good qualitative match be
tween the model and human subjects' performance. Note
that the statements on the x-axis of Figure 5 are ordered
from left to right according to their degree ofcausal con
nectivity. Statements with less causal connectivity are lo
cated toward the left and statements with greater causal
connectivity are located toward the right.

Figure 6 shows how statement recall probabilities for
the TMF model and both groups of human subjects vary
as a function ofcausal connectivity for the miser text. The
miser text is distinguished as having an especially high
correlation between the model's recall and the recall of
human subjects in the model evaluation group. Exami
nation of Figure 6 reveals an excellent qualitative match
between the model and human subjects' performance. In
addition, the estimated recall probabilities agree quanti
tatively with the human recall probabilities from the
model evaluation group.

Comparison of synthesized and human recall pro
tocol data. Although the probability that a statement is
included in a protocol is a commonly used dependent mea
sure in the literature, this dependent measure deliber
ately ignores the sequential or temporal organization of
human protocol data. For example, a theoretical model

that is limited to predicting the likelihood that a state
ment will be included in a protocol would be unable to
distinguish the difference between two protocols that
contain exactly the same text propositions arranged in
different orders. The TMF model, however, makes explicit
predictions regarding the order in which statements will
be arranged in a protocol.

Tables 5 and 6 show the synthesized TMF generated
recall protocol data for the frog and miser texts, respec
tively.Statement recall probabilities were relatively weakly
correlated for the frog text and relatively strongly corre
lated for the miser text. Thus, the frog text is representa
tive of a relatively poor fit to the human data, whereas
the miser text is representative ofa relatively good fit. The
reader is encouraged to compare the synthesized TMF
protocol data in Tables 5 and 6 with the human model
evaluation group protocol data in Tables 3 and 4.

For example, note that the sixth synthesized protocol
for the miser text in Table 6 is the proposition sequence
f3,f7,f14,fI6,fI7, which is exactly the same as the seventh
protocol for the miser text in Table 4. Moreover, this pro
tocol was not present in the human subject parameter esti
mation data set and, thus, was not directly learned by the
model. As previously noted, this text proposition sequence
can be translated into English by examining the text
proposition table for the miser text. Thus, f3,f7,fI4,fI6,f17
may be represented as the sequence ofEnglish statements:

The miser buried the gold in the ground. The servant stole
the gold. The neighbor said, "Go and take a stone, and bury
it in the hole." The neighbor said, "The stone will be as
useful to you as the gold." The neighbor said, "When you
had the gold, you never used it."
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Figure 5. Human and model statement recall probability as a
function ofcausal connectivity for the frog text. The human train
ing (parameter estimation) data and human test (model evalua
tion) data are both qualitatively and quantitatively similar to the
TMF model's synthesized protocol data. Note that the model
(synthesized protocol) protocol data and human train (param
eter estimation) protocol data are consistent with the hypothesis
that statements with more causal connections are more likely to
be included in a recall protocol. However, this trend is not
strongly evident in the human test (model evaluation) data.
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Text Proposition Sequence

Text Proposition Sequence

f3,(3,(5,(7,(S,t;f9,(9,(14,f16'f17
f3,(7,(9,fI4,(14,(15,fI6,(17,(16,(16,fI7
r, ,(4'r, ,(7'f9,(14,f14,(16,f l7
r, ,(7'fs,f9,f9,(14'f I6,(17,f l6
f3,f3,f5,f7,f7,(9,(14,(14,(16
f3,(7,(14,(16,f\7
f3,f7,(7,(9,(14,fI6,fI7
f3,f5,f7,f7,fI4,fI4,fI6
f3,f3,(5,(7,f7,fI4,(1 6,(14,(1 5,(1 6,(1 7
f3,(5,(7,fS,(9,(14,(14,fI6,(17
f3,f3,(5,f7,fs,f9,fI4,(14,(15,(16,(17
r,,(5,(3,(5'r,fs,f14'f l6

Subject J.D.

Simulation I
Simulation 2
Simulation 3
Simulation 4
Simulation 5
Simulation 6
Simulation 7
Simulation 8
Simulation 9
Simulation 10
Simulation II
Simulation 12

Subject J.D.

Simulation 1
Simulation 2
Simulation 3
Simulation 4
Simulation 5
Simulation 6
Simulation 7
Simulation 8
Simulation 9
Simulation 10
Simulation II
Simulation 12

Table 6
TMF Synthesized Recall

Protocol Data (1,000 Iterations) for Miser Text

ample, in the fourth synthesized protocol of Table 5, Text
Proposition 10 is immediately followed by Text Proposi
tion 3. Inspection of Figure 5 shows that there are no as
sociative links from Text Proposition 3 to Text Proposi
tion 10.Due to the complex interactions among the various
associative link strengths and working memory assump
tions in conjunction with the fact that the recall mecha
nism in the model is stochastic, it is sometimes difficult
to "explain" observed transitions.

On the other hand, consider the transition from Text
Proposition 10 to Text Proposition 6 in synthesized pro
tocol four of Table 5. Just before Text Proposition 10 is
Text Proposition 3, which does have a causal associative
link to Text Proposition 6. In addition, Text Proposition 6
has a causal associative link to Text Proposition 12,which
follows Text Proposition 6 in the protocol. Thus, because
the TMF model uses information about all other items in
the protocol to recall a specific item, the location ofText
Proposition 6 in the protocol is probably due to the inter
action of the working memory decay rate assumption
and the associative links from Text Proposition 6 to Text
Propositions 3 and 12.

Other interesting discrepancies between the human
and model recall data also exist that cannot be easily ex
plained in terms of the knowledge structure digraphs.
For example, in the human recall protocol data for thefrog
text (Table 3), Text Proposition 7 is preceded frequently
by either a 3, 4, or 6. In the synthesized recall protocol

TableS
TMF Synthesized Recall

Protocol Data (1,000 Iterations) for Frog Text
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Figure 6. Human and model statement recall probability as a
function of causal connectivity for the miser text. The human
training (parameter estimation) data and human test (model
evaluation) data are both qualitatively and quantitatively similar
to the TMF model's synthesized protocol data. Note, in particu
lar, that both the human and the model protocol data are consis
tent with the hypothesis that statements with more causal con
nections are more likely to be included in a recall protocol.

One important qualitative difference between synthe
sized recall protocol data and human recall data is propo
sition doubling. An example of proposition doubling is
shown in the second synthesized protocol for the frog
text. Notice that this protocol f3,f6,f9,f9,f12,f13 is quite
similar to the human subject data in Table 5, with the ex
ception that text proposition f 9 is repeated twice by the
model. Although one could assume the existence of an
additional output editing process that ignores text propo
sition that has already just been recalled, such an assump
tion still does not explain this peculiar characteristic of
the model's performance unless the details ofsuch an edit
ing process are worked out.

In addition, the model exhibits other phenomena-be
sides proposition doubling-that occur much more fre
quently in the synthesized recall data relative to the
human recall data. For example, consider protocol 12 of
the synthesized miser text. The first four text propositions
synthesized by the model are f3,f5,f3,f5' This phenomenon
will be called the subsequence repetition phenomenon.

Another type of qualitative discrepancy between the
human and model recall data can arise due to the absence
of associative links. For example, in Protocol 12 of the
human subject data in Table 3, Text Proposition 12 is re
called following the recall of Text Proposition 10. This
transition is not observable in the synthesized recall data
in Table 5. The reason for the absence of this transition is
most likely due to the fact that there is not an episodic or
causal link from TextProposition 10to TextProposition 12
in the frog knowledge schema digraphs (see Figure 1).

Ofcourse, the absence of such links does not imply that
the TMF probability model could never generate Text
Proposition 12 followed by Text Proposition 10. For ex-
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data for the frog text (Table 5), however, Text Proposi
tion 7 never occurs in the protocol data. The reason for this
specific pattern of results is currently unknown.

Finally,human subjects can recall items that were never
presented in the original texts. For example, several human
subjects (see Table 3) recalled Text Proposition 4, which
was an important frog goal ("The two frogs decided to
find another home"), but, of course, this text proposition
was not recalled by the model since there were no episodic
or causal relationships linked to this hidden text propo
sition. Improved theories ofsemantic relationships among
both visible and hidden elements in a text will be help
ful for addressing this modeling problem.

GENERAL SUMMARY AND DISCUSSION

This paper reviewed the TMF text schema modeling
framework for analyzing text protocol data as a categor
ical time series and showed how the Gibbs sampler algo
rithm (Geman & Geman, 1984) could be used as a method
for sampling from the high-dimensional TMF probability
distribution.

Toempirically investigate and illustrate the ability ofthe
TMF sampling algorithm to computationally evaluate
causal network analyses, recall protocol data was collected
from a group ofhuman subjects. The recall data supported
the well-known finding that statements with more causal
connections are more likely to be recalled. An analysis of
the synthesized recall protocol data generated from the
TMF sampling algorithm and the causal network analy
ses revealed similar support for this established finding.
In addition, the TMF sampling algorithm and causal net
work analyses made reasonably good quantitative pre
dictions about statement recall probabilities for several
specific texts. Finally, the detailed temporal structure of
human and synthesized recall protocols was compared in
a final data analysis.

Some noticeable and important discrepancies (e.g.,
proposition doubling and subsequence repetition) be
tween the synthesized recall protocols and the human re
call data were observed and noted. Ideally, the observation
ofsuch discrepancies could provide important insights into
how to improve the causal network analyses and insights
into what additional text knowledge digraphs (besides
causal network and episodic memory network digraphs)
are required to build computationally effective models
oftemporal structural regularities in recall protocol data.
It should be emphasized, again, that the TMF framework
is neither a model of how recall protocols are generated
nor a specific theory of text knowledge representation.
Rather, the TMF framework is a sophisticated theoretical
framework for empirically investigating and developing
text knowledge digraph analyses using the sequential
structure of protocol data.
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