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Abstract

Developing a storehouse of semantic or world knowledge is an important developmental achievement. In addition to direct learning such as through books
and lectures, semantic knowledge accumulates through so-called productive processes, which permit going beyond the given to generate new knowledge.
In the present research, we tested whether the specific productive process of self-derivation through memory integration makes unique contributions to
semantic knowledge, even when other known or hypothesized correlates of knowledge (i.e., verbal and visual abilities) are considered. One-hundred-forty-
eight 8-12-year-old children participated in two waves of testing, one year apart. At Wave 1, latent constructs of self-derivation and fact recall and verbal
and visual abilities each predicted unique and overlapping variance in the latent construct, knowledge; total variance in knowledge accounted for R* = .56.
At Wave 2, verbal and visual abilities predicted unique variance in knowledge, and self-derivation and fact recall contributed to additional shared variance;
total variance in knowledge accounted for R*=.70. Longitudinally, both self-derivation and fact recall and verbal and visual abilities from Wave 1 predicted
unique and overlapping variance in the latent construct, knowledge at Wave 2; total variance in knowledge accounted for R? = .63. The work establishes

self-derivation through memory integration as a mechanism of semantic knowledge development.
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Developing a storehouse of knowledge about the world—so-called
semantic knowledge—is a critical developmental achievement. As
such, it is important to establish the correlates of the development of
semantic knowledge. One contributor to semantic content is memory
for information that is directly taught or learned, such as provided
through lectures, books, videos, and museum exhibits. Other
contributors include productive processes such as analogy, transitive
and associative inference, and induction, to name a few. Productive
processes go beyond what is given through direct experience, and
therefore have the potential to accelerate accumulation of knowledge
[1-6]. From among the larger suite of productive processes, self-
derivation through memory integration has emerged as a valid model
of knowledge accumulation[7,8]. Self-derivation through memory
integration involves combination of separate yet related episodes of
new learning and use of the novel combination as a basis for inference
of new knowledge. For example, a learner may be taught that the
heart is the only muscle that never tires, and that the only muscle
that never tires is powered by electricity. Combination of these facts
supports derivation of the new knowledge that the heart is powered by
electricity. This new information can be incorporated into semantic
knowledge, even though it was not directly experienced [9].

Consistent with the suggestion that self-derivation through
memory integration is a valid model of knowledge accumulation, the
process is both a concurrent and longitudinal predictor of academic
achievement among elementary-school children, even when other
known correlates of academic achievement (e.g., working memory) are
considered [10,11]. It also is a concurrent and longitudinal predictor
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of knowledge in a number of domains as tested by the Woodcock-
Johnson measures of achievement[12,13]. However, beyond the
classroom, self-derivation through integration has not been tested
against other known correlates of domain knowledge, such as existing
knowledge as measured by vocabulary, and working memory. As a
result, it has not been established as a unique predictor of knowledge
accumulation. Accordingly, in the present research, we tested self-
derivation through memory integration along with measures of
other cognitive abilities, as concurrent and longitudinal predictors of
semantic knowledge. The major goal was to determine whether self-
derivation makes unique contributions to prediction and thus can be
considered a mechanism of semantic knowledge development.

Self-derivation through Memory Integration

Self-derivation through memory integration involves combination
of separate yet related facts that have been directly taught, to support
derivation of new knowledge. With some important exceptions, the
task is structured like those that test associative inference [3]. In
associative inference tasks, participants may learn arbitrarily-related
pairs of images or symbols that have an overlapping element. For
example, they learn the image pairs zucchini-bucket (i.e., notation: A
[for zucchini], B [for bucket]) and bucket-truck (B, C [for truck]). They
typically are informed that they can form an indirect relation between
the two image pairs, based on the overlapping element (bucket). They
then are tested for the indirect relation between zucchini-truck (AC;
[14]). As suggested by the opening example (above), the test of self-
derivation through memory integration is structured similarly to
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tests of associative inference, with the important exceptions that (a)
the stimuli are true facts expected to be unfamiliar to participants, (b)
participants are not made aware that the facts they are learning are
related to one another, and (c) nor are they made aware that they can
form an indirect relation based on an overlapping element. In these
respects, the self-derivation through integration task mimics learning
outside the laboratory.

Self-derivation through memory integration occurs across ages,
venues, and domains. In children as young as 4 years, new information
is taught in the context of brief narratives, in the laboratory [15,16]; in
kindergarten and elementary school classrooms [17]; or in children’s
homes, in the course of shared book reading [18] or visits to virtual
museum exhibits[19]. Among children 8 years and older and adults,
new information is taught in individual sentences (such as the opening
example, above). Information is drawn from a range of domains,
including arts and humanities, math, science, and elementary [7] and
college [20] curricula. Developmental differences in self-derivation
through integration are readily apparent in early childhood. By
roughly 8 years of age, developmental differences are eclipsed by
individual differences that persist at least into young adulthood [21].

Self-derivation through Memory Integration and
Academic Achievement

As expected from a model of learning, performance on tasks of
self-derivation through memory integration relates to measures of
academic achievement. For example, among children in Grades 1-3
(roughly ages 7-10 years), self-derivation through integration was
found to predict both math and reading achievement, as measured
by end-of-year assessments. It explained up to 23% of the variance in
math and 12% in reading [17]. Similar findings were reported in [10],
among children in 2™ and 3 grades. Self-derivation through memory
integration also predicts math and reading achievement over one year,
among children in 2™ and 3™ grade at Time 1 and 3 and 4" grade at
Time 2 ([11], Study 2). Self-derivation through memory integration
performance at Time 1 predicted 18% and 21% of the variance in
the Time 2 end-of-year math and end-of-year reading achievement,
respectively.

Of course, self-derivation through memory integration is
not the only predictor of academic achievement. For example, a
consistent correlate of academic achievement is working memory
[22, 23]. Childrens working memory skills predict math and reading
achievement 6 years later, above measures of IQ [24]. Working
memory in preschoolers predicts math and reading achievement in
the first three years of primary school, and visual short term memory
predicts math achievement in particular[25]. Further, visuospatial
working memory predicts students math achievement from first
grade to second grade [26].

Importantly, self-derivation through memory integration is
predictive of academic performance even when other known correlates
of achievement are considered. Specifically,[10] tested the concurrent
predictive utility of self-derivation through integration when
considered along with verbal comprehension, nonverbal intelligence,
and working memory and other executive functions. End-of-year
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math performance was jointly predicted by self-derivation through
integration, verbal comprehension, nonverbal intelligence, and
working memory. The total variance in math achievement accounted
for was 51% and 41% among children in 2" and 3 grades, respectively.
Self-derivation through integration alone accounted for 31% and 25%
of the total for children in 2nd and 3rd grades, respectively. In the
models predicting end-of-year reading performance, for children in
27 grade, self-derivation through integration was the only significant
predictor, accounting for 32% of the variance in reading achievement.
For children in the 3" grade, self-derivation through integration was a
significant predictor, along with verbal comprehension and nonverbal
intelligence. The full mode accounted for 48% of the variance in
reading achievement; self-derivation through integration alone
accounted for 22% of the total variance. Longitudinally, as noted above,
Esposito & Bauer [11], Study 2) found that self-derivation through
memory integration performance at Time 1 predicted 18% of the
variance in the Time 2 end-of-year math achievement. The addition
of measures of vocabulary and parent education in the model did
not result in significant improvement. Thus self-derivation through
integration was the sole longitudinal predictor of math achievement.
For the Time 2 end-of-year assessment of reading achievement, self-
derivation through memory integration at Time 1 predicted 21% of
the variance. The addition to the model of vocabulary and parent
education increased the variance accounted for to 31%.

Self-derivation through Memory Integration and
Semantic Knowledge

Just as self-derivation through integration is not the only
predictor of academic achievement, so too is it the case that academic
achievement is not the only measure of semantic knowledge. Indeed,
end-of-year achievement tests are administered en-mass in sometimes
noisy and crowded classrooms and thus may not reflect a given
student’s actual achievement. As well, they do not provide information
about the broader contents of semantic knowledge, beyond the skills
of math and reading.

As expected from a model of learning more broadly, performance
on tasks of self-derivation through memory integration relates to
individually administered tests of knowledge in a larger number and
variety of domains, thus providing converging evidence of relations
between self-derivation through integration and semantic knowledge.
Specifically, Bauer and colleagues [12] tested the predictive utility of
self-derivation through integration to six domains assessed by the
Woodcock-Johnson IV tests of achievement [27]. The sample was
8- to 12-year-old children tested individually, on a Zoom platform.
The specific domains of achievement tested were humanities, math,
sciences, and social studies, as well as general knowledge of what and
where, and passage comprehension [12]. The battery thus provided
a relatively comprehensive assessment of the status of semantic
knowledge.

In tests of concurrent relations, self-derivation through
integration predicted 15%-36% of the variance in 8- to 12-year-old
children’s performance across the domains [12]. The exception was
the domain of sciences, for which self-derivation through integration
was not a significant predictor. [13] extended the sample to examine
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longitudinal relations between self-derivation through integration and
the knowledge domains in the same sample of children, across one
year’s time. They combined the six individual domains into one latent
factor, knowledge. Self-derivation through integration at Time 1 was
a significant predictor of Time 2 knowledge. Self-derivation through
memory integration at Time 1 was a stronger predictor of Time 2
knowledge (B = .43) than either age (f = .33) or memory for directly
taught facts (B = .30). To date, the predictive utility of the productive
process of self-derivation through integration has not been tested in
the context of a larger suite of cognitive abilities known to be or logical
predictors of learning and semantic knowledge. This test is the subject
of the present research.

The Present Research

The major goal of the present research was to determine whether
self-derivation makes unique contributions to prediction of domain
knowledge and thus can be considered a mechanism of semantic
knowledge development in childhood. We addressed the question
concurrently and longitudinally over one year, in a sample of 148 8- to
12-year-old children. The sample was the same as tested by Bauer and
colleagues [12,13]. In the prior studies, self-derivation was found to
predict semantic knowledge both concurrently [12] and longitudinally
[13]. In those studies, self-derivation through integration—and its
attendant measures of memory for the directly taught facts on which
self-derivation depends—were the only measures in the predictive
models. The extension provided by the present research was to include
in predictive models measures of a number of cognitive abilities that
have been found to relate to self-derivation itself, both concurrently
and longitudinally [8].

The specific cognitive abilities measured in the present research
were (a) verbal comprehension (vocabulary, synonyms, antonyms,
analogies), which often is considered a measure of semantic
knowledge and even as a proxy for intelligence [28]; (b) working
memory, a known correlate of academic achievement in childhood
[22]; (c) visual-auditory learning, which is a measure of encoding
and retention of new information, such as on which self-derivation
through integration depends; and (d) visualization, a potential
predictor of knowledge of math and sciences in particular. The
measure of verbal comprehension was from the WJ-III; the measures
of working memory, visual-auditory learning, and visualization were
from the WJ-IV. In [12], verbal comprehension, visual-auditory
learning, and visualization were significantly positively correlated
with self-derivation through integration; working memory was not.
However, they were neither concurrently nor longitudinally predictive
of self-derivation when measures of directly taught facts—such as on
which self-derivation through integration depends—were included in
the model.

Consideration of self-derivation through integration and measures
of other cognitive abilities as predictors of semantic knowledge across
a number and variety of domains permits test of the major question
motivating the research, namely, whether self-derivation is a unique
predictor, concurrently and/or longitudinally. Based on findings
from elementary classroom-based studies [10, 11], we expected
self-derivation through integration to make unique contributions to
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variance in semantic knowledge. To our knowledge, beyond the tests
to evaluate the psychometric properties of the Woodcock-Johnson
measures, there have not been assessments of relations between the
measures of cognitive abilities and those of semantic knowledge. The
present research thus presents a unique test of this question, as well as
of the question of unique prediction of the measures. The work stands
as an evaluation of the potential of self-derivation through integration
as a mechanism of semantic knowledge development.

Method

Participants

Participants were 148 children ages 8 to 12 years (M=10.45,
SD=1.37, range=8.13-12.91 years) at enrollment. Nominally, there
were 30 8-year-olds, 27 9-year-olds, 42 10-year-olds, 20 11-year-olds,
and 29 12-year-olds. Most participants were recruited from a database
of families who had expressed interest in taking part in research in
child development. The rest were recruited through a marketing firm
or by referral by participants already recruited (i.e., snowballing).
The sample was 76 female (51%) and 70 male (47%); 2 caregivers
did not report their child’s assigned sex at birth. The racial and
ethnic composition of the sample was 7% Asian, 15% Black/African
American, 1% Middle Eastern or Arab, 65% White or Caucasian, 9%
multi-racial, and 3% did not report on their children’s race; 7% of
the sample self-identified as Hispanic or Latinx. Ninety-two percent
of caregivers had received at least some college education, and 56%
of caregivers had received at least some graduate level education; 7%
did not report caregiver education. All demographic information is
based on caregiver report provided at Year 1 (analyses of demographic
information are provided [12], and are not repeated in the present
report). An additional 25 children were recruited but their data were
not included because of failure to complete all four sessions across
the two years of data collection (18), technical failure (3), prior
participation in a related study (1), parental report of a developmental
disability (2), and child-initiated request to end the session before all
tasks were administered (1).

The study involved two sessions in each of two consecutive years.
Within each year, the two sessions took place an average of 7 days
apart (Year 1 range=6-13 days; Year 2 range=5-14 days). Children
participated in Year 2 Session 1 an average of 364 days after completing
Year 1 Session 1 (range=341-435 days). This study was begun during
the 2020 COVID-19 related shutdown, and all data were collected
online via Zoom. Written informed consent for children’s participation
was provided by the children’s caregivers; children provided verbal
assent. Participants were compensated with $40.00 in an e-gift card
at the end of the second session at Year 1, and with $50.00 in an e-gift
card at the end of the final session at Year 2. The procedures were
reviewed and approved by the university Institutional Review Board.

Stimuli and Materials

At both waves of data collection, the full protocol included tests of
self-derivation through memory integration, recall of directly-taught
and of self-derived facts, measures of candidate component cognitive
abilities, and measures of domain knowledge. Concurrent and
longitudinal relations between self-derivation through integration and
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measures of domain knowledge were reported [12,13], respectively.
The unique contribution of the present report is to augment
measures from the self-derivation through integration task with
measures of candidate component cognitive abilities as concurrent
and longitudinal predictors of measures of domain knowledge. The
current analyses thus permit examination of the unique and combined
predictive utility of the entire suite of potential predictors of domain
knowledge. The exception is the measure of recall of self-derived facts.
As reported in [12], it was not predictive of domain knowledge and for
this reason, it is not included in the present report.

Outcome Measures: Tests of Achievement/Semantic
Knowledge

The outcome variable of interest was domain knowledge/
semantic knowledge. Six tests from the Woodcock-Johnson® IV
(WJ¢ IV) Tests of Achievement and Tests of Cognitive Abilities [27]
were used to measure semantic knowledge. The tests assess content
knowledge in a number of different domains: (a) Test 2, Applied
problems (analyze and solve math problems); (b) Test 4, Passage
comprehension (use syntactic and semantic cues to provide a missing
word in a text passage); (c) Tests 8a and 8b, General knowledge-what
and General knowledge-where (respond to questions of the form
“What would you do with a ?” and “Where would you
find a ?”); (d) Test 18, Sciences (knowledge of anatomy,
biology, geology, medicine, chemistry, and physics); (e) Test 19, Social
Studies (knowledge of economics, psychology, government, history,
and geography); and (f) Test 20, Humanities (knowledge of music,
art, and literature). For children in the age range of 5 to 19 years, the
tests have median reliability of .76 to .92. To accommodate online data
collection, the tests were rendered as Qualtrics® surveys.

Predictor Variables

For both concurrent relations at each wave of testing, and for
longitudinal prediction of semantic knowledge, there were two
categories of predictors: measures from the self-derivation through
memory integration task and measures from the Woodcock-Johnson
IIT and IV tests of cognitive abilities.

Self-derivation through memory integration

The stimuli were 40 pairs of related facts (hereafter, stem facts)
that could be used to self-derive new facts (hereafter, self-derivation
facts). All facts were true and based on pilot testing with adults, were
deemed unlikely to be familiar to children in the target age range. That
is, adult testing demonstrated that the facts were unfamiliar to adults
and that both members of the fact pairs were necessary to support
high levels of production of the self-derivation facts. Specifically, for
all 40 stimulus sets, adult performance was at least two-times as high
when both members of the fact pair were presented (2-stem condition)
relative to when only one member of the fact pair was presented (1-
stem condition). Given these findings with adults, we may logically
assume that the facts also would be unfamiliar to children, and
that their production of the self-derivation facts would depend on
exposure to both members of the fact pairs. Consistent with this
assumption, at Wave 1, across the age range and for each nominal age
group (8,9, 10, 11, 12 years), performance in the 2-stem condition was
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reliably higher than performance in the 1-stem condition [12]. The
same effect obtained at Wave 2 [13]. Because only 2-stem performance
is indicative of self-derivation through integration, in the present
manuscript, all analyses are of performance in the 2-stem condition
only; 1-stem condition performance is not included in the present
report ([12] for analysis of relative performance in the 1- and 2-stem
conditions, and evidence that self-derivation depends on integration
of separate yet related facts).

An example stimulus set is provided in Figure 1. The stimuli were
obtained from the Bauer Lab Integration and Self-derivation Stimulus
(BLISS) bank [29] , from which the stimuli are available upon request:
(BLISS bank stimulus numbers $002, S051, S055-057, S066-67, S069,
S084, S086, S093, S096-97,S108-111, S113, S126-147). The stimuli also
included 24 “filler” facts (BLISS bank stimulus numbers F098-102,
F104, F106-107, F109-110, F119-132). Filler facts were structurally
similar to the stem facts yet could not be integrated with one another
to derive new facts. For purposes of the present report, the purpose
of the filler facts was to permit an independent test of fact recall (see
below).

Measures of cognitive abilities

Adapted versions of four tests from the Woodcock-Johnson Tests
of Cognitive Abilities were used as candidate predictors of measures
of domain knowledge: from the Woodcock Johnson III [30], (a) Test 1:
Verbal Comprehension, which assesses comprehension of individual
words and relations among words across the four subtests of Picture
Vocabulary [1a], Synonyms [1b], Antonyms [1c] and Analogy [1d];
and from the Woodcock-Johnson IV [31]; (b) Test 7: Visualization,
which is a two-part test of spatial relations, requiring visual-spatial
recognition (Spatial Relations [Test 7a]) and mental manipulation of
two- and three-dimensional visual representations (Block Rotation
[Test 7b]); (c) Test 10: Numbers Reversed, which requires the
participant to listen to and then recall a sequence of digits in reverse
of the order of presentation. It is considered a measure of working
memory; and (d) Test 13, Visual-Auditory Learning, which requires
the participant to learn and recall pictographic representations of
words. It assesses long-term storage and retrieval as well as associative

Pips contain cyanide Apple seed are called pips

N /

Open-ended Self-derivation question:
What do apple seeds contain?

Stem Fact 1. Stem Fact 2:

Open-ended Stem-fact Recall question:
What are apple seeds called?

Forced-choice Self-derivation question:
What do apple seeds contain?
a. Mercury b. Cyanide c. Arsenic

Figure 1: Example stimulus set, including a pair of related stem facts (Stem Facts 1 and 2),
example open-ended test questions for self-derivation and stem-fact recall, and example
forced-choice test question, with sample options.
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memory. Verbal Comprehension is considered a measure of semantic
memory and thus a “crystalized” ability, whereas Visualization,
Numbers Reversed, and Visual-Auditory Learning are considered
measures of “fluid” abilities. Due to the online format of data
collection, the tests were rendered as Qualtrics® surveys.

Procedure

At each wave of testing, children took part in two sessions
conducted and recorded via Zoom. Testing was conducted by one of
six female experimenters. Within a wave, children were tested by the
same experimenter for both sessions. Children were tested by different
experimenters at Waves 1 and 2. The experimenters followed a detailed
written protocol. Consistency was assessed by regular viewing of the
session recordings by all experimenters. The protocols were the same
at Wave 1 and Wave 2. Both within and between sessions, the order
of the tasks and tests was the same for all participants. The order
of administration was determined based on pilot testing with the
goals of minimizing participant burden and maximizing participant
engagement. Because the order was fixed, any general or specific
carry-over effects are the same for all participants. A schematic of the
testing protocol is provided in Figure 2, with Session 1 in the left panel
and Session 2 in the right panel.

Session 1

At each wave, in Session 1, participants engaged in the self-
derivation through integration task, three tests of cognitive abilities,
and one test of semantic knowledge.

Self-derivation through memory integratiaon

Learning phases. At each wave, in each of two learning phases,
children were exposed to 21 novel facts, for a total of 42 facts. Of
the 42 facts, 20 were in a 2-stem condition, 10 were in a 1-stem

Session 1 |

Self-derivation Learning phase 1:
15 stem facts [10 2-stem; 5 1-stem] &
6 filler facts

WI-III: Test 1: Verbal Comprehension J

-

-
|

Self-derivation Learning phase 2:
15 stem facts [10 2-stem; 5 1-stem]
& 6 filler facts

~

Open-ended self-derivation test:
10 2-stem & 10 1-stem

Open-ended stem- and filler-fact test:
15 stem facts & 10 filler facts

Forced-choice self-derivation test:
(variable number: questions not
answered correctly in open-ended testing)

-IV: Test 8a: Generakinformation--

.
I'WI-IV: Test 7a: Spatial Relations

v

(4-9 days

between)

condition, and the remaining 12 were filler facts. Pairs of facts in the
2-stem condition could be integrated such that participants could
self-derive new knowledge that had not been directly presented (i.e.,
self-derivation facts). The 10 facts presented in the 1-stem condition
served as a control: each fact was one half of an integrable pair and
thus there was no opportunity for integration and self-derivation. As
noted above, because only 2-stem performance is indicative of self-
derivation through integration, in the present manuscript, all analyses
are of performance in the 2-stem condition only; 1-stem condition
performance is not included in the report [12,13]. Each integrable
fact pair was used approximately equally often in the 2-stem and
1-stem conditions across participants. The 12 filler facts provided the
opportunity to examine recall of directly-taught facts, independent of
the self-derivation task.

The 42 novel facts were presented across two learning phases.
In Learning phase 1, children were presented with 21 facts: the first
member of 10 pairs of facts in the 2-stem condition, 5 facts in the 1-stem
condition, and 6 filler facts. Children were instructed to pay attention
to the facts because they might be asked some questions about them
later. Facts were presented individually on the experimenter’s screen,
which was shared with the participant via Zoom. The experimenter
first read the fact to the child and then the child read it back to the
experimenter. After all 21 facts had been displayed and read aloud,
children completed the Woodcock Johnson IIT [30] test of Verbal
Comprehension (Test 1; see below for procedure). After the test for
verbal comprehension, children engaged in Learning phase 2, during
which they were presented with the remaining 21 facts: 10 facts in the
2-stem condition, 5 facts in the 1-stem condition, and 6 filler facts.
Participants then completed Woodcock Johnson IV [27,30] Numbers
Reversed test (Test 10), as a measure of auditory working memory (see
below for procedure).

Session 2

Test for retention of self-derived facts:
10 2-stem

WI-IV: Test 19: Social Studies

fm———C=============Tcco—--
| WI-IV: Test 7b: Block Rotation |

WIJ-IV: Test 20: Humanities

WI-IV: Test 2: Applied Problems
J-IV: Test 8b: Generakinformation--What

I5
|
.

WI-IV: Test 13: VisualAuditory Learning \\
J

Figure 2: Schematic representation of the testing protocol. Tests in squared boxes are from the self-derivation through memory integration task; tests in rounded rectangles with broken/dashed
outlines are measures of cognitive abilities; tests surrounded by ovoids are outcome measures.
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In total, there were 40 pairs of related stem facts, divided into two
sets of 20 pairs of related facts. At each wave, half of the participants
were tested on one set of related facts and half on the other. The
stem-fact sets were used approximately equally often in each wave
of testing, and participants were tested on different sets of facts at
each wave. Within a stem-fact set, each stem-fact pair was used in
the 2-stem and 1-stem conditions approximately equally often. In the
2-stem condition, each member of the stem-fact pair was presented in
Learning phase 1 and Learning phase 2 approximately equally often.
Each stem-fact set was presented in one of four different random
orders, each used approximately equally often across participants.
Participants were pseudo-randomly assigned to one of the four orders,
constrained by the need to use each order approximately equally often.

Self-derivation through integration

Test phases. Following the Woodcock Johnson IV Numbers
Reversed test (Test 10), children were presented with 20 open-ended
questions testing for self-derivation through memory integration: 10
questions on facts from each of the 2-stem and 1-stem conditions.
They then were presented with 15 open-ended stem-fact and 10 filler-
fact recall questions. After tests for open-ended recall of stem and filler
facts, children were tested on any self-derivation questions answered
incorrectly in open-ended testing, this time in 3-alternative forced-
choice format (see Figure 1 for example open-ended and forced-
choice questions). Forced-choice testing of stem and filler facts was
not conducted, in consideration of participant burden.

At each wave, the order of presentation of open-ended self-
derivation through integration questions was randomized in Qualtrics.
As well, the order of forced-choice testing of self-derivation questions
not answered correctly in open-ended testing also was randomized in
Qualtrics. Open-ended testing for recall of the stem and filler facts was
conducted in one of eight pseudo-random orders each of which was
used approximately equally often across participants. The constraint
was that stem facts from the same fact set were not tested sequentially.
Across participants, stem and filler facts were tested approximately
equally often. After testing of self-derivation through integration and
fact recall, children completed a test of domain knowledge (WJ-IV:
Test 8a) and then were administered the third Woodcock-Johnson
test: Test 7a: Visualization-Spatial Relations (see below for procedure).

Woodcock-Johnson tests of cognitive abilities

Between Learning phases 1 and 2, children were tested on the WJ-
III test Verbal Comprehension (Test 1a-d). Between Learning phase 2
and the tests for self-derivation and fact recall, children were tested on
the WJ-IV test of Numbers Reversed test (Test 10). As the final test of
the session, children were tested on the WJ-IV test of Visualization-
Spatial Relations (Test 7a). The tests were administered following the
W] protocols, with test items displayed on the Zoom screen. Children’s
responses were recorded by the experimenter.

Woodcock-Johnson test of semantic knowledge

The pen-ultimate task of Session 1 was a test of academically-
related content knowledge WJ-IV: General Information-where (Test
8a). The test was administered following the W] protocols, with
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test items displayed on the Zoom screen. Children’s responses were
recorded by the experimenter.

Session 2

Session 2 took place approximately 1 week after Session 1. Children
were tested for retention of the self-derived facts from Session 1, six
tests of academically-related content knowledge, and two tests of
cognitive abilities (see Figure 2).

Retention of self-derivation facts

At each wave, children were tested for retention of the self-
derivation facts from the 2-stem condition of Session 1. However,
because retention of self-derived facts was not a significant predictor
of semantic knowledge [12], we did not include measures of retention
in analyses.

Woodcock-Johnson tests of semantic knowledge/achievement

Six tests of achievement were administered in the standard order
as indicated: Test 19: Social Studies; Test 18: Sciences; Test 4: Passage
comprehension; Test 20: Humanities; Test 2: Applied Problems; and Test
8b: General Information-what. All tests were administered following
the WJ-IV protocol, with questions displayed on the Zoom screen.

Woodcock-Johnson tests of cognitive abilities

At Session 2, children completed two tests of cognitive abilities
(see Figure 2). Between Tests 19 and 18, children completed WJ-IV
test of Visualization—Block Rotation (Test 7b). As the final test of
the session, children completed the WJ-IV test of Visual-Auditory
Learning (Test 13). The tests were administered following the WJ
protocols, with test items displayed on the Zoom screen. Children’s
responses were recorded by the experimenter.

Scoring and Data Reduction

Scoring was conducted the same way for Waves 1 and 2. For
open-ended self-derivation through integration and open-ended
recall of stem and filler facts, 1 point was awarded for each correct
response, for a total possible of 10 self-derivation facts in the 2-stem
condition, 10 self-derivation facts in the 1-stem condition, 15 stem
facts (5 stem-fact pairs from the 2-stem condition [10 facts] and 5
facts from the 1-stem condition), and 10 filler facts. Levels of self-
derivation performance and of open-ended recall of the stem and filler
facts at Session 1 were considered as potential predictors of semantic
knowledge (along with measures from the Woodcock-Johnson tests;
see below). Self-derivation also was tested in forced-choice. However,
because open-ended performance provides stronger evidence of self-
derivation, relative to performance that also includes selection of
correct responses from among distracters, in subsequent analyses,
we focus on open-ended self-derivation performance only ([12], for
further justification for focus on open-ended performance only).

The tests of cognitive abilities were scored as per the test protocol
and standardized using WJ-III and WJ-IV proprietary software.

Results

The results are presented in four sections, starting with descriptive
statistics and zero-order correlations among the variables in Section
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1. Section 2 outlines the results of factor analyses to determine the
number of latent factors among (a) the outcome measures of domain
knowledge; and (b) the predictors of domain knowledge, namely, the
(i) tests of cognitive abilities (verbal comprehension, visual-auditory
learning, visualization, numbers reversed) and (ii) experimental
measures of self-derivation through integration performance, and
memory for stem and filler facts. In Section 3 we present the results
of tests for concurrent relations among the outcome measures and the
predictors at each of Waves 1 and 2. Finally, in Section 4, we present
the results of longitudinal prediction of the outcome measures by the
predictors from Wave 1 to Wave 2, one year later.

Section 1: Descriptive Statistics and Zero-order
Correlations

Descriptive statistics for the measures of interest are provided in

Table 1, Panels a and b for Wave 1 and Wave 2, respectively. For the
outcome measure of domain knowledge, following [13], we report W
Scores for each of the six Woodcock-Johnson Tests probing domain
knowledge. W Scores represent the child’s performance on the task,
based on the average performance of neuro-typical children of
their age (in months). For every raw score, there is a W Score that
is generated by Woodcock-Johnson Score Reports. W scores are
centered on a value of 500, with a typical range on any given task of
between 430 and 550. As discussed in [13], W scores represent an
equal interval scale across tasks, making them particularly relevant
for reporting participants’ actual growth in a measured trait [32]. For
all other measures, we report proportion correct out of total trials.
Initial skewness and kurtosis measures indicated that the data for all
variables were normally distributed, with the exception of the Wave 2
measure of applied problems. One participant performed more than

Table 1: Descriptive statistics for outcome variables (domain knowledge) and predictor variables (cognitive abilities, self-derivation) at Wave 1 (Panel a) and Wave 2 (Panel b)

Category and Measure Descriptive Statistics

Category Measure N Model Label Mean SD Skewness Kurtosis

Panel a: Wave 1

Domain knowledge Domain knowledge total 148 Total01 3020.42 80.74 -.16 .40
General information 148 Gen01 503.51 14.19 -274 -214
Passage comprehension 148 PCo1 499.95 14.51 .022 -.154
Sciences 148 Sci0l 501.52 14.24 -.263 -.593
Applied problems 148 App01 509.63 19.83 -.697 .958
Social studies 148 Soc01 505.98 17.26 -.084 -.624
Humanities 148 Humo01 499.83 15.75 194 -.329

Cognitive abilities Verbal comprehension 143 VvCo1 107.90 10.755 .032 -.613
Visual-Auditory learning 147 VisAud01 105.551 13.426 .007 395
Visualization 148 Vis01 104.541 13.543 -.029 438
Numbers Reversed 138 NumoO1 107.754 15.325 -.524 2.151

Self-derivation Open-ended self-derivation 148 SDIO1 329 .206 354 -423
Stem fact recall 148 Stem01 .488 .186 .015 -.376
Filler fact recall 148 Fillo1 .567 .202 -.328 137

Panel b: Wave 2

Domain knowledge Domain knowledge total 148 Total02 3060.14 78.09 -21 -28
General information 148 Gen02 509.19 13.13 -.075 -.158
Passage comprehension 148 PC02 506.43 14.54 .067 .034
Sciences 148 Sci02 507.80 13.25 -.481 -.355
Applied problems 147 App02 517.57 16.69 -.54 .93
Social studies 148 Soc02 513.35 16.54 -378 -.676
Humanities 148 Hum02 506.39 16.35 .200 -.453

Cognitive abilities Verbal comprehension 143 vCo2 107.783 11.368 .066 .005
Visual-Auditory learning 144 VisAud02 113.465 12.847 .64 .902
Visualization 148 Vis02 105.653 14.583 .016 .056
Numbers Reversed 143 NumO02 108.329 16.369 -.109 -31

Self-derivation Open-ended self-derivation 148 SDI02 .388 209 .086 -.807
Stem fact recall 148 Stem02 .533 .188 -225 -.449
Filler fact recall 148 Fillo2 .592 197 -313 .011

Note. W Scores are used for all measures of domain knowledge (domain knowledge total, general information, passage comprehension, sciences, applied problems, social studies, humanities);
proportion scores are used for measures of self-derivation, including stem-fact and filler-fact recall.
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5 standard deviations below the mean on this assessment. With the
data from that participant removed, skewness and kurtosis values
indicated normal distribution, as indicated in Table 1. Whether the
data from this participant were or were not removed, overall results
from subsequent analyses did not change.

Zero-order correlations among the outcome variables (domain
knowledge) and predictor variables (cognitive abilities, self-
derivation), within and across waves, are provided in Table 2. Pearson’s

product-moment correlations between the categories of predictor

variables (cognitive abilities and self-derivation), within and across
waves, are provided in Table 3. Pearson’s product-moment correlations
within predictor variables (cognitive abilities, self-derivation), within

and across waves, are provided in Table 4.

Section 2: Factor Analyses

We conducted factor analyses to determine the number of latent
factors among (a) the outcome measures of domain knowledge;
and (b) the predictors of domain knowledge, namely, the (i) tests of

Table 2: Pearson’s product-moment correlations among outcome variables (domain knowledge) and predictor variables (cognitive abilities, self-derivation), within and across waves

Predictor Variables Age Measures of Outcome Variables: Domain Knowledge

Agel Totall Genl PC1 Scil Appl SS1 Hul Total2 Gen2 PC2 Sci2 App2 §S2 Hu2
VC1 -.38 .39 .38 37 .39 207 .28 .40 49 46 .44 41 .30 .37 .51
VA1 .0lns 42 32 .36 .35 .32 .32 47 49 42 .40 40 .39 .35 .52
Visl -.09ns 24 .16* 26" .26 22 .09ns 24 31 27 24 23 .30 .16ns 31
NR1 .09ns .20% 17" 220 .0lns 25%* .13ns .20% 22%% 19 19* -.0lns 24 18* 22%
SDI1 .15ns .59 54 .52 45 37 .52 .60 .61 .52 .50 .59 .46 .51 .61
Stm1 20" .60 .55 .50 49 42 .54 .58 .62 .56 A48 .55 47 .55 .61
Filll .16ns .53 42 .50 45 .35 45 .56 .57 A7 .51 .56 A1 44 .58
vC2 -.20* .55 .54 .57 .51 .30 .40 .54 .64 .61 .59 .56 43 47 .65
VA2 .05ns 42 31 .38 .36 .37 .29 43 47 41 .38 44 41 .30 .45
Vis2 Ons .30 26 .29 .30 27 .11ns 31 .36 32 .28 .32 32 .16ns 40
NR2 .04ns .16ns .14ns .20% .02ns 22% .10ns .13ns .20% .15ns 18* .00ns 21* 19* .16ns
SDI2 11ns .61 .46 .53 .56 45 .55 .52 .63 .57 49 .55 48 .56 .62
Stm2 .06ns .55 44 48 .52 .38 49 48 .62 .57 .51 .60 43 .50.61
Fill2 -0lns 52 43 44 48 31 45 54 59 54 47 57 39 48 62

Note: Measures ending in “1” were collected at Wave 1; measures ending in “2” were collected at Wave 2. Age = participant age, Total = total domain knowledge, Gen = general information, PC
= passage comprehension, Sci = sciences, App = applied problems, SS = social studies, and Hu = humanities. VC = verbal comprehension, VA = visual-auditory learning, Vis = visualization,
NR = numbers reversed, SDI = self-derivation, Stm = stem-fact recall, and Fill = filler-fact recall. Unless otherwise indicated, all correlations are significant at p < .001. For other correlations, **

=p<.01,* =p <.05, ns = not statistically significant.

Table 3: Pearsons product-moment correlations between the categories of predictor variables (cognitive abilities, self-derivation), within and across waves

Measures of Self-derivation Age Measures of Cognitive Abilities

Agel VC1 Vis-Audl Visuall NRI1 ve2 Vis-Aud2 Visual2 NR2
SDI1 .15ns 36%* 307 .16* .13ns S 350 27 .06ns
Stem1 .20* 350 390 .18* 19* 420 37 340 22%
Filll .16ns 43 330 25%* .12ns 49 39 30 .15ns
SDI2 11ns 41 344 18* .14ns 48%* 33%* 26%* .14ns
Stem2 .06ns A45%* 44 23 .09ns 52 42* 30" .12ns
Fill2 -.01ns 52%* 42%* 25%* .13ns 56%* 43%* 310 .11lns

Note: Measures ending in “1” were collected at Wave 1; measures ending in “2” were collected at Wave 2. Age = participant age, VC = verbal comprehension, Vis-Aud = visual-auditory learning,
Visual = visualization, NR = numbers reversed, SDI = self-derivation, stem = stem-fact recall, and Fill = filler-fact recall. ** = p <.001, * = p < .05, ns = not statistically significant.

Table 4: Pearson’s product-moment correlations within predictor variables (cognitive abilities, self-derivation), within and across waves

Measures of Predictor Variables at Wave 2 Measures of Predictor Variables at Wave 1

VC1 Vis-Audl Visuall NR1 SDI1 Stem1 Filler1

vC2 .801** 48%* 424 .15ns

Vis-Aud2 35%% .582%* 320 .14ns

Visual2 30 A4 T 247 (See Table 3 for values in this quadrant)

NR2 12ns 19* 21* .66**
SDI2 537 65%* 50%*
Stem2 58%* .632%* .60**
Filler2 (See Table 3 for values in this quadrant) sen e 556

Note: Measures ending in “1” were collected at Wave 1; measures ending in “2” were collected at Wave 2. Age = participant age, VC = verbal comprehension, Vis-Aud = visual-auditory learning,

Visual = visualization, NR = numbers reversed, SDI = self-derivation, Stem = stem-fact recall, and Fill = filler-fact recall. ** = p <.001, * = p < .05, ns = not statistically significant.
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cognitive abilities (verbal comprehension, visual-auditory learning,
visualization, numbers reversed) and (ii) experimental measures of
self-derivation through integration performance, and memory for
stem and filler facts.

Outcome measures: Domain knowledge

Exploratory factor analysis (EFA) reported in [13] indicated that
the six domains of knowledge formed one latent factor, thereafter
referred to as knowledge. The specific procedures used to arrive at this
solution are detailed in [13].

Predictors

For the Wave 1 variables, we used EFA to determine the number
of latent factors formed by the tests of cognitive abilities (verbal
comprehension, visual-auditory learning, visualization, numbers
reversed) and the measures from the self-derivation through
integration paradigm (open-ended self-derivation, stem-fact recall,
filler-fact recall). The analysis was conducted using JASP software with
the following settings: number of factors based on parallel analysis
of factors, using the minimum residual estimation method, oblique

rotation (promax), and with a factor loading cut off of .4. For Wave
2, given the absence of a theoretical expectation of a different factor
structure, we conducted a confirmatory factor analysis (CFA) on the
new data, using the factor structure discovered at Wave 1.

For the Wave 1 assessments, a Kaiser-Meyer-OlKkin test indicated
that the measures were suitable for factor analysis, with an overall
MSA =.776. Bartlett’s test was significant, X*(21) = 322.33, p < .001,
indicating that the data are a good fit to the factor analysis. As
depicted in Table 5, two factors emerged: Factor 1 was comprised of
the measures of stem-fact recall, open-ended self-derivation through
integration, and filler-fact recall (hereafter self-derivation and fact
recall). Factor 2 was comprised of the measures of the cognitive
abilities of visual-auditory learning, verbal comprehension, and
visualization (hereafter verbal and spatial abilities). The test of working
memory (WJ-IV, Numbers Reversed) did not load on either factor. For
the confirmatory factor analysis of the Wave 2 data, a Kaiser-Meyer-
Olkin test indicated that the measures were suitable for factor analysis,
with an overall MSA = .827. Bartlett’s test was significant, X*(15) =
338.269, p <.001, indicating good model fit. RMSEA = .069, indicating
acceptable model fit. The parameter estimates are provided in Table 6.

Table 5: Results of exploratory factor analysis (EFA) for the predictor variables (self-derivation through integration, cognitive abilities) at Wave 1

Predictor Variables Factor Structure
- F‘actor 1 Factor.Z - Uniqueness
(self-derivation and fact recall) (verbal and spatial abilities)

Stem-fact recall 0.906 0.215
Self-derivation 0.877 0.307
Filler-fact recall 0.642 0.468
Visual-Auditory Learning 0.703 0.484
VerbalComprehension 0.618 0.531
Visualization 0.614 0.687
Numbers Reversed 0.919

Note. Applied rotation method is promax.

Table 6: Parameter estimates for confirmatory factor analysis (CFA) for the predictor variables (self-derivation and fact recall, verbal and spatial abilities) at Wave 2: Factor loadings (Panel a)

and residual variances (Panel b)

Factor and Indicator | Parameter Estimates
95% Confidence Interval
Factor Indicator | Estimate Std. Error z-value p Lower Upper
Panel a: Factor loadings
Self-derivation & fact recall Self-derivation 0.171 0.015 11.677 <.001 0.142 0.2
Filler-fact recall 0.143 0.015 9.695 <.001 0.114 0.172
Stem-fact recall 0.169 0.013 13.211 <.001 0.144 0.194
Verbal & spatial abilities Verbal comprehension 8.543 0.955 8.942 <.001 6.671 10.416
Visualization 7.008 1.297 5.404 <.001 4.466 9.55
Visual-Auditory Learning 7.632 1.117 6.832 <.001 5.443 9.822
Panel b: Residual variances
Self-derivation & fact|Self-derivation 0.14 .002 6.233 <.001 0.010 0.018
recall Filler-fact recall 0.018 .003 7.134 <.001 0.013 0.023
Stem-fact recall 0.007 .002 3.835 <.001 0.003 0.010
Verbal & spatial abilities |Verbal comprehension 53.965 11.357 4.752 <.001 31.705 76.224
Visualization 162.122 20.923 7.749 <.001 121.114 203.131
Visual-Auditory Learning 105.082 15.182 6.921 <.001 75.325 134.838
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Section 3: Concurrent Relations among Outcome
Measures and Predictors

To examine concurrent relations among the outcome measures
of knowledge and the predictors of self-derivation and fact recall
and verbal and spatial abilities, we conducted Structural Equation
Modeling (SEM) at each of Waves 1 and 2. At each wave, we used
the two latent structures discovered using factor analyses (self-
derivation and fact recall, verbal and spatial abilities) as predictors
of the latent outcome variable of knowledge. We did not include the

WJ-IV measure of Numbers Reversed (working memory) because, as

discussed in Bauer et al. (2025), SEM modeling that included working
memory was less than an ideal fit; the model without working
memory was a better fitting model. Accordingly, in subsequent
analyses, we used the model with only the latent constructs. At both
waves, Chi-square goodness of fit tests indicated good model fit:
X*(12) = 12.164, p = .433, X*(12) = 17.687, p = .126, for Waves 1 and
2, respectively. Model statistics are provided in Table 7, Panels a and
b for Wave 1, and Panels ¢ and d for Wave 2. Semi-partial R-squared
values indicating the proportion of variance explained by each factor

are provided in Table 8, Panel a.

Table 7: Parameter estimates for Structural Equation Modeling (SEM) of the outcome measure of knowledge with the predictor variables (verbal and spatial abilities, self-derivation and fact
recall) at Wave 1: Factor loadings (Panel a) and regression coefficients (Panel b), and Wave 2: Factor loadings (Panel c) and regression coefficients (Panel d)

Factor and Indicator Parameter Estimates
Panel a: Wave 1 Factor loadings
95% Confidence Interval
Latent Indicator Estimate Std. Error z-value p Lower Upper
Verbal & spatial abilities1 Verbal comprehensionl 1.000 .000 1.000 1.000
Visualizationl 0.873 0.182 4.808 <.001 0.517 1.229
Visual-Auditory Learningl 1.277 0.213 6.005 <.001 0.860 1.694
Self-derivation & fact recall] Self-derivation1 1.000 .000 1.000 1.000
Filler-fact recalll 0.864 0.091 9.538 <.001 0.687 1.042
Stem-fact recalll 0.959 0.082 11.650 <.001 0.798 1.121
Panel b: Wave 1 Regression coefficients
95% Confidence Interval
Predictor Outcome Estimate Std. Error z-value P Lower Upper
Verbal & spatial abilities1 Knowledgel 2.235 1.063 2.103 <.036 0.152 4.319
Self-derivation & fact recalll Knowledgel 273.283 45.282 6.035 <.001 184.533 362.034
Panel c: Wave 2 Factor loadings
95% Confidence Interval
Latent Indicator Estimate Std. Error z-value P Lower Upper
Verbal & spatial abilities2 Verbal comprehension2 1.000 .000 1.000 1.000
Visualization2 0.773 0.150 5.160 <.001 0.479 1.066
Visual Auditory Learning2 0.852 0.133 6.400 <.001 0.591 1.112
Self-derivation & fact recall2 Open-ended self-derivation2 1.000 .000 1.000 1.000
Filler-fact recall2 0.827 0.085 9.778 <.001 0.661 0.993
Stem-fact recall2 0.948 0.078 12.188 <.001 0.796 1.101
Panel d: Wave 2 Regression coefficients
95% Confidence Interval
Predictor Outcome Estimate Std. Error z-value p Lower Upper
Verbal & spatial abilities2 Knowledge2 5.284 1.609 3.284 <.001 2.130 8.437
Self-derivation & fact recall2 Knowledge2 121.647 69.387 1.753 0.080 -14.349 257.643

Note: Measures ending in “1” were collected at Wave 1; measures ending in “2” were collected at Wave 2.

Table 8: Beta weights and semi-partial R? values for concurrent predictors of knowledge at each of Waves 1 and 2 (Panel a) and longitudinal predictors of knowledge from Wave 1 to Wave 2

(Panel b)

Wave Beta Weights Variance Explained Type of Variance

Wave B(VVA) $3(SDI) r(VVA,SDI) R? (total) Unique VVA% Unique SDI% Shared%
Panel a: Concurrent prediction

Wave 1 212 577 754 562 4.5% 33.3% 18.4%
Wave 2 595 272 .843 701 35.4% 7.4% 27.3
Panel b: Longitudinal prediction

Wave 1 to Wave 2 | 379 | .507 .635 .625 9.3% 15.8% 37.4%

Note: VVA = verbal and visual abilities, SDI = self-derivation and fact recall.
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At Wave 1, both self-derivation and fact recall and verbal and
spatial abilities contributed significant unique variance in predicting
knowledge: 33.3% and 4.5%, respectively (Table 8). Shared variance
was 18.4%, bringing combined variance explained to R* = .56. At Wave
2, verbal and spatial abilities once again contributed significant unique
variance in knowledge (35.4%). However, the latent factor of self-
derivation and fact recall merely approached significance, with 7.4%
variance accounted for. The amount of shared variance was 27.3%,
bringing combined variance explained to R* = .70. Discussion of the
most likely explanations for this pattern is reserved for the Discussion.

Section 4: Longitudinal Relations among Outcome Measures
and Predictors

To examine longitudinal relations among the outcome measures
of knowledge at Wave 2 and the predictors of self-derivation and fact
recall and verbal and spatial abilities at Wave 1, we conducted SEM.
We used the two latent structures of verbal and spatial abilities and
self-derivation and fact recall from Wave 1 as predictors of the latent
outcome variable of knowledge at Wave 2. A Chi-square goodness
of fit test indicated good model fit: X*(12) = 12.088, p = .439. Model
statistics are provided in Table 9. As reflected in Table 8, Panel b, both
self-derivation and fact recall and verbal and spatial abilities at Wave
1 were significant predictors of knowledge one-year later, at Wave 2,
explaining 15.8% and 9.3%, respectively. Shared variance was 37.4%,
bringing the combined variance explained to R* = .63.

Discussion

The major purpose of the present research was to determine
whether self-derivation through memory integration makes unique
contributions to prediction of domain knowledge and thus can
be considered a mechanism of semantic knowledge development
in childhood. The question was tested in a sample of 148 children,
ages 8 to 12 years at the time of enrollment. The outcome measure
of semantic knowledge was based on six domains that were treated

as one latent factor, knowledge: applied problems (math), humanities,
sciences, social studies, general knowledge of what and where,
and passage comprehension. The predictors were (a) tests of self-
derivation through memory integration and memory for directly
taught facts (stem facts and filler facts); and (b) measures of four
cognitive abilities, namely, verbal comprehension, visual-auditory
learning, visualization, and working memory. The predictors formed
two latent factors: self-derivation and fact recall and verbal and spatial
abilities. Working memory was not included in either factor. Children
participated in two waves of testing, separated by one year.

In prior research on the same sample, self-derivation through
memory integration was found to predict semantic knowledge for five
of the six individual domains assessed; the exception was the domain
of sciences (Bauer et al,, 2024). In a subsequent test of longitudinal
relations, the six individual domains were treated as one latent factor,
knowledge. Self-derivation through integration predicted knowledge
both concurrently, at each of Waves 1 and 2, and longitudinally over
one year [13]. In a separate evaluation, measures of memory for
directly taught facts (stem and filler facts) were found to be both
concurrently related and longitudinally predictive of self-derivation,
whereas the measures of cognitive abilities were not [8]. Based on this
pattern of findings, in the present research, we expected to observe (a)
separate latent factors for self-derivation and fact recall and visual and
spatial abilities; and (b) that both latent factors would be predictive of
knowledge, concurrently and over one year.

Consistent with expectations, at Wave 1, the latent constructs of
self-derivation and fact recall and verbal and spatial abilities both were
uniquely predictive of semantic knowledge. The amount of unique
and shared variance in semantic knowledge explained by the factors
was 56%. At Wave 2, only verbal and spatial abilities was uniquely
predictive. Self-derivation and fact recall predicted a nonsignificant
7.4% of the variance in semantic knowledge. Considering the amount
of unique and shared variance, the total variance explained by the

Table 9: Parameter estimates for Structural Equation Modeling (SEM) of the outcome measure of knowledge at Wave 2 with the predictor variables (verbal and spatial abilities, self-derivation

and fact recall) from Wave 1: Factor loadings (Panel a) and regression coefficients (Panel b)

Factor and Indicator Parameter Estimates
Panel a: Wave 1 to Wave 2 factor loadings
95% Confidence Interval
Latent Indicator Estimate Std. Error z-value p Lower Upper
Verbal & spatial abilities1 Verbal comprehensionl 1.000 .000 1.000 1.000
Visualization1l 0.865 0.174 4.967 <.001 0.524 1.206
Visual Auditory Learningl 1.251 0.193 6.486 <.001 0.873 1.629
Self-derivation & fact recalll Self-derivationl 1.000 .000 1.000 1.000
Filler-fact recalll 0.863 0.090 9.608 <.001 0.687 1.039
Stem-fact recalll 0.949 0.081 11.675 <.001 0.790 1.109
Panel b: Wave 1 to Wave 2 Regression coefficients
95% Confidence Interval
Predictor Outcome Estimate Std. Error z-value p Lower Upper
Verbal & spatial abilities1 Knowledge2 3.829 1.014 3.774 <.001 1.841 5.817
Self-derivation & fact recalll |Knowledge2 231.203 40.682 5.683 <.001 151.467 310.939

Note: Measures ending in “1” were collected at Wave 1; measures ending in “2” were collected at Wave 2.
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factors was 70%. Notably, semantic knowledge at Wave 2 was predicted
by Wave 1 self-derivation and fact recall and Wave 1 verbal and spatial
abilities. Both latent factors made unique contributions to prediction
of semantic knowledge at Wave 2. The amount of unique and shared
variance in semantic knowledge explained by the factors was 63%.

Overall, the findings of the present research were as expected, with
the exception of the concurrent test at Wave 2, in which only verbal
and spatial abilities emerged as a statistically significant predictor of
semantic knowledge; self-derivation and fact recall only approached
significance. We attribute this pattern to the strong correlations among
the various Woodcock-Johnson tests at Wave 2 (see Table 2), and to the
nominal increase in shared variance of the factors at Wave 2 (27.3%),
relative to Wave 1 (18.4%; see Table 8). The result was relatively
less variance to be explained by the experimental measures of self-
derivation. The pattern of relatively stronger correlations among the
Woodcock-Johnson tests at Wave 2, relative to Wave 1 was especially
apparent for the measure of verbal comprehension: at Wave 1, the
correlations with the individual semantic domains ranged from rs =
.20-.40, whereas at Wave 2, they ranged from rs = .43-.65. This finding
is understandable in light of the fact that the Woodcock-Johnson tests
were essentially identical at the two waves: the same questions were
asked in the same format. The only differences were in one or possibly
two additional questions posed to establish ceiling performance.
Given this feature of the instrument, there was substantial shared
task variance at Wave 2, likely inflating the proportion of variance in
semantic knowledge accounted for by verbal and spatial abilities. In
contrast, whereas the format of the tests for self-derivation and fact
recall were the same at both waves, the specific items were unique at
each wave.

An unexpected—yet explicable—finding in the present research
was of the substantial amount of variance in longitudinal prediction
shared by the latent factors of self-derivation and fact recall and verbal
and spatial abilities. Whereas each factor contributed unique variance,
the amount of shared variance in knowledge explained approached
40%. We interpret this pattern as a reflection of the tight relation
between existing knowledge and the ability to add to it. In the present
research, existing knowledge was reflected in the latent construct of
verbal and spatial abilities, which included a measure often used as
a proxy for existing knowledge, namely verbal comprehension. The
ability to add new knowledge was reflected in the latent construct
of self-derivation and fact recall, which included both memory for
directly taught facts and the productive process of generating new
knowledge from them. Critically, each individual construct at Wave
1 was a unique predictor of semantic knowledge at Wave 2, over
and above the variance they shared. Self-derivation and fact recall
accounted for a nominally greater proportion of variance relative to
verbal and spatial abilities (15.8% and 9.3%, respectively)

The present research makes a substantial contribution to the
literature in establishing self-derivation through memory integration
as a unique predictor of semantic knowledge, at least among children
ages 8 to 12 years. It is not without limitations, however. One limitation
is that, based on the present research, it is not known whether the same
pattern of findings would be apparent among children younger than
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age 8 years or among participants older than 12 years. The structure
of cognitive abilities changes across the late elementary school years,
with increasing differentiation of cognitive abilities from one another
[33]. As such, different patterns may be expected at younger and older
ages. It will be left to future research to address this possibility.

A second potential limitation is that the children were tested
online, as opposed to in person. The online format may have resulted
in lower performance than might be expected from in-person testing.
Importantly, given that all tasks and all participants were tested in the
same way, any general or specific effects of online testing would be
equally distributed over the entire battery and sample.

A third potential limitation of the present research is that only one
productive process was tested as a predictor of semantic knowledge.
As noted earlier, self-derivation through memory integration is but
one among many productive processes, including (but not limited to)
analogy, induction, and associative and transitive inference [1,4, 34].
It is possible that one or more of these processes also may account
for unique variance in semantic knowledge. This question has yet
to be tested empirically in children. Among adults, self-derivation
through integration has been found to be uniquely related to academic
achievement relative to other paradigms that test productive processes
[35]. Importantly, finding that other productive processes also predict
semantic knowledge would not undermine the importance of self-
derivation through memory integration as a mechanism of semantic
knowledge development. Rather, it would establish a larger suite of
productive processes on which knowledge expansion depends.

In conclusion, in the present research, we tested self-derivation
through memory integration along with measures of other cognitive
abilities, as concurrent and longitudinal predictors of semantic
knowledge. Both factors were found to be concurrent predictors
at Wave 1. Critically, both factors as measured at Wave 1 predicted
semantic knowledge at Wave 2. The work thus establishes self-
derivation through memory integration as a unique longitudinal
predictor of semantic knowledge in childhood. As such, it can be
considered a mechanism of semantic knowledge development.
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