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Abstract
Research in metacognition (Koriat, Ma'ayan, & Nussinson, 2006) suggests bi-directional links
between monitoring and control during learning: When self-regulation is goal-driven,
monitoring affects control so that increased study time (ST) enhances judgments of learning
(JOLs), but when it is data-driven, JOLs are based on the feedback from control, and therefore
JOLs decrease with ST under the heuristic that ease of encoding is diagnostic of successful
recall. Evidence for both types of relationship occurring within the same situation was found
for adults. We examined the development of the ability to respond differentially to datadriven and goal-driven variation in ST within the same task. Children, 5-6th-graders,
exhibited a positive ST-JOL relationship for goal-driven regulation and a negative
relationship for data-driven regulation but never in the same task. In contrast, the JOLs and
recall of ninth-graders' and college students yielded differential co-sensitivity to data-driven
and goal-driven variation. The 5-6th-graders also evidenced an adult-like pattern of JOLs and
recall under a partitioning procedure that helped them in factoring the variation in ST that is
due to data-driven and goal-driven variation in ST. The results are discussed in terms of the
metacognitive sophistication needed for considering both types of variation simultaneously in
making metacognitive judgments.

Key Words: metacognitive development; monitoring and control; judgments of learning;
self-regulation; incentives
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Historically, there have been two major lines of research on metacognition, one within
developmental psychology and the other within experimental memory research. These two
lines differ somewhat in their goals and methodological styles (see Koriat & Shitzer-Reichert,
2002). The developmental tradition, which was spurred by Flavell, is predicated on the
assumption that metacognitive processes play a critical role in the development of learning
and memory (see Flavell, 1979, 1999; Flavell & Wellman, 1977). A major aim in that
tradition has been to trace the development of metacognitive knowledge and metacognitive
skills, and to explore their relations to basic cognitive abilities and performance (see Krebs &
Roebers, 2012; Schneider, 2008, 2010; Schneider & Lockl, 2008). Within memory research,
the experimental study of adult metacognition has been concerned more narrowly with
uncovering the mechanisms underlying the monitoring of one's own knowledge and the
consequences of monitoring for the strategic regulation of learning and remembering.
Although research on metacognition has proceeded almost independently within the
developmental and cognitive-experimental traditions, there has been increasing cross-talk
between the two lines of research that enhances mutual fertilization. In particular,
experimental paradigms developed in the study of adult metacognition have been extended to
children (see Ghetti, 2008; Lockl & Schneider, 2002; Lyons & Ghetti, 2010; Roderer &
Roebers, 2008; Roebers, von der Linden, Schneider, & Howie, 2007). The work reported in
this study also represents such an extension. It attempts to provide some insight into the
dynamics underlying metacognitive monitoring and self-regulation in children and into the
cognitive prerequisites for the sophisticated metacognitive processes demonstrated by young
adults.
The monitoring-control relationship during learning
In this study we examine the development of the relationship between metacognitive
monitoring and metacognitive regulation during learning (Nelson & Narens, 1990).
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Metacognitive monitoring refers to the subjective assessment of one’s own cognitive
processes and knowledge. For example, learners are assumed to monitor on-line their mastery
of the studied material. Metacognitive control, in turn, refers to the strategic regulation of
cognitive operations and resources. For example, learners sometimes choose between
different learning strategies, allocate their ST differentially between different parts of the
studied material, and select specific parts for restudy. A widely held assumption among
students of metacognition is that metacognitive monitoring guides control operations.
Therefore, the effective monitoring of one' own learning is critical for the effective selfmanagement of learning (Ackerman & Goldsmith, 2011; Ariel, Dunlosky, & Bailey, 2009;
Thiede & Dunlosky, 1999; Tullis & Benjamin, 2011). Indeed, research suggests that when
learners are asked to make judgments of learning (JOLs) immediately after studying each
item, their JOLs predict which items they will later select for restudy (Kornell & Metcalfe,
2006; Metcalfe & Finn, 2008; Nelson, Dunlosky, Graf, & Narens, 1994). Also manipulations
that enhance monitoring accuracy were found to improve the effectiveness of ST allocation
between different items as well as overall recall performance (Thiede, Anderson, &
Therriault, 2003).
One finding that has been replicated across many studies is that in self-paced learning
participants spend more time studying judged-difficult items than judged-easy items (see Son
& Metcalfe, 2000, for a review). This finding has been interpreted typically in terms of the
"monitoring-affects-control" hypothesis (Nelson & Leonesio, 1988): Learners aim for a
desired level of mastery across items. Therefore they deliberately allocate more ST to the
judged difficult items in order to compensate for their difficulty (Dunlosky & Hertzog, 1998).
This interpretation is consistent with the Monitoring ▬► Control (MC) model according to
which ST allocation is based on the output of monitoring operations and is used by the learner
as a strategic tool towards the achievement of specific cognitive goals. The goal-driven
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regulation of ST can be demonstrated by manipulating the incentives associated with the
recall of different items in a list. The results of previous studies indicated that participants
allocate more ST to high-incentive than to low-incentive items (Ariel et al., 2009; Dunlosky
& Thiede, 1998), and their JOLs increase accordingly with increased ST (Koriat, Ma'ayan, &
Nussinson, 2006).
Several observations, however, suggest that metacognitive monitoring may also be
based on the feedback from control operations so that monitoring actually follows rather than
precedes control operations (see Kelley & Jacoby, 1998). Koriat (1993), for example,
suggested that feelings of knowing (FOK) are based on the feedback from the search for the
illusive memory target – the amount of partial clues that come to mind and the ease with
which they come to mind. The implication is that it is by searching for a memory target that
participants "know" whether an unrecallable item is available in memory. In like manner,
Koriat et al. (2006) proposed that it is by attempting to commit an item to memory that
learners judge whether they would be likely to recall it in the future. They argued that in selfpaced learning, ST allocation is generally data-driven rather than goal-driven: It is determined
ad hoc by the item itself. Although ST is highly correlated with indexes of normative item
difficulty (e.g., degree of associative strength between the members of the pair, see Mueller,
Tauber, & Dunlosky, in press), results suggest that ST allocation is idiosyncratic in nature
reflecting the item–learner interaction (Koriat, 1997, 2008). Thus, learners spend as much
time and effort as the particular item "calls for" in a bottom-up fashion. Their JOL is then
based retrospectively on the memorizing effort heuristic according to which the more effort
needed to study an item the less likely it is to be recalled. Thus, it is by spending a great deal
of effort attempting to commit an item to memory that a learner realizes that the item is
"difficult" and is less likely to be recalled in the future.
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The data-driven regulation brings to the fore the monitoring function of ST and implies
a Control ▬► Monitoring (CM) model in which the output from metacognitive control
serves to inform metacognitive monitoring. It should be stressed that in data-driven
regulation, JOLs are assumed to rest not on ST as such, but on subjective effort. However, ST
is a good indicator of data-driven study effort (see Koriat et al., 2006).
The contrast between the MC and CM models is reminiscent of the issue raised by
William James (1884): Do we run away because we are frightened, or are we frightened
because we run away? The MC model accords with the view that subjective feelings (e.g.,
fear) drive behavior (e.g., running away). James' own position – that feelings are based on the
feedback from one's own bodily reactions (see Niedenthal, 2007; Strack & Deutsch, 2004;
Strack & Neumann, 2000) -- is more consistent with the CM model.
The two types of models sketched above for self-paced learning are expected to yield
diametrically opposed relationships between JOL and ST: JOLs are expected to increase with
ST when ST is goal-driven, used as a tool in the service of achieving specific motivational
objectives. For example, a student may choose to spend more time studying certain parts of
the material than others because she finds them interesting. These parts are likely to be
associated with higher recall predictions as well as better actual recall than the other parts. In
contrast, when ST is data-driven, JOLs are expected to decrease with ST. In that case, study
speed reflects encoding fluency, and the items associated with shorter ST would be expected
to exhibit higher predicted and actual recall.
Koriat et al. (2006) argued, however, that the two models are not mutually exclusive.
Indeed, they found evidence for both types of ST-JOL relationships within the same task. In
one of their studies (Experiment 5), college students were awarded different incentives to the
successful recall of different items: 1 point for recalling some of the items and 3 points for
recalling the other items. As can be seen in Figure 1, the manipulation of incentive resulted in
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a positive relationship between JOLs and ST: Participants invested more ST in the 3-point
items (5.2 s on average per item) than in the 1-point items (4.3 s) and in parallel assigned
higher JOLs to the 3-point items (61.4 percent on average) than to the 1-point items (57.0
percent). At the same time, however, a negative ST-JOL relationship was observed within
each incentive level, so that the more ST was invested in an item, the lower was the JOL
associated with that item. This relationship is consistent with the CM model suggesting that
the allocation of ST between same-incentive items is data-driven. A similar pattern was
observed for the relationship between confidence judgments and response latency in a
problem solving task (Koriat et al., 2006, Experiment 7): When participants were given
several problems to solve, they invested more time in the problems that were associated with
a higher incentive than in those that were associated with a lower incentive. In parallel, they
reported higher confidence in the solutions of the former items than in those of the latter items
(MC model). However, for each level of incentive, confidence decreased with solution time,
suggesting that confidence was based on the feedback from task performance (CM model; see
Ackerman & Zalmanov, 2012; Kelley & Lindsay, 1993). These results suggest that the two
models considered by William James may not be mutually exclusive.
------------------------------Insert Figure 1 about here
------------------------------Importantly, the pattern of metacognitive monitoring depicted in Figure 1 tends to
mirror actual performance. Thus, participants are generally skillful in deriving the
implications for recall1 of variations in ST by attributing these variations to their respective
source – data-driven or goal-driven.
The occurrence of a positive and a negative ST-JOL relationship within the same
situation implies an attribution process that intervenes between ST regulation and
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metacognitive monitoring. The component of ST that is attributed by the learner to datadriven effects contributes towards reducing one's JOLs, whereas the component that is
attributed to the effects of goal-driven regulation contributes towards enhancing one's JOLs.
The reality of this attribution process was brought to the fore by Koriat and Nussinson (2009).
They asked learners to adopt a facial expression that creates a feeling of effort, and induced
them to attribute that effort either to data-driven or to goal-driven regulation. The facial
expression of effort was found to decrease JOLs when it was attributed to data-driven
regulation but to enhance JOLs when it was attributed to goal-driven regulation.
The present study focused on the ability to consider the metacognitive implications of
both data-driven and goal-driven variation within the same task. The simultaneous sensitivity
to goal-driven and data-driven regulation is called for in many real-life situations where the
amount of effort invested is a joint function of both types of regulation. For example, a learner
may invest a great deal of time studying a piece of information partly because of its inherent
difficulty and partly because he/she finds it important. What is the developmental trajectory of
the ability to consider both data-driven and goal-driven variations in making JOLs, and what
are the cognitive pre-requisites underlying this ability?
The development of metacognitive judgments
The results presented in Figure 1 suggest that young adults exhibit an impressive ability
to respond differentially to goal-driven and data-driven variations in ST. We hypothesized
that the metacognitive ability to take into account the implications of both types of regulation
develops at a much later stage than that for which children have been claimed to reach adultlike metacognitive monitoring (e.g., Butterfield, Nelson, & Peck, 1988; Roebers et al., 2007).
Some previous studies have confirmed the sensitivity of young children's JOLs to data-driven
variations, whereas others have indicated that young children exhibit goal-driven regulation.
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However, none of these studies has examined the joint impact of both types of regulation on
metacognitive judgments.
Koriat, Ackerman, Lockl, and Schneider (2009b) reported a developmental increase in
data-driven regulation. They had children study a list of paired associates and indicate their
JOLs following the study of each item. JOLs were found to decrease with the amount of time
invested in the study of each item for 3rd- to 6th-grade children, but not for 1st- and 2ndgrade children. The within-person ST-JOL correlation was negative and significant for 3rdgraders (averaging -.24), 5th-graders (-.29), and 6th-graders (-.18) (4th-graders were not
included in that study). Although this pattern suggests that JOLs are responsive to data-driven
regulation already at the age of 8-9 years, there was some further developmental trend
thereafter as suggested by the higher ST-JOL correlation (-.48) observed for young adults
(Koriat et al., 2006). These results (see also Hoffmann-Biencourt, Lockl, Schneider,
Ackerman, & Koriat, 2010) suggest an age-related increase from 1st-grade to adulthood in the
sensitivity of JOLs to the feedback from data-driven regulation.
With regard to goal-driven regulation, even 4-year-olds have been found to disclose the
belief that increased effort will lead to increased recall (O’Sullivan, 1993, 1997; Stipek,
Roberts, & Sanborn, 1984; Wellman, Collins, & Glieberman, 1981). This belief was also
confirmed for 1st, 3rd and 5th-graders (Annevirta & Vauras, 2001; Kreutzer, Leonard, &
Flavell, 1975). Interestingly, in the study of Koriat et al. (2009b), 6th- graders expected recall
to increase with ST in a self-paced condition although the results for another group drawn
from the same population indicated that JOLs (and recall) actually decreased with ST. This
result suggests that learners may not be aware of relying on the memorizing effort heuristic
that information requiring more time to study is less likely to be recalled (in contrast to the
adage "easy comes; easy goes", see Koriat, 2008; Koriat, Ackerman, Lockl, & Schneider,
2009a).
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There is also some evidence of a developmental trend in the ability of children to
actually regulate their performance according to particular goals. Fritz, Morris, Nolan, and
Singleton (2007) found that preschoolers did not adjust their learning to the promised reward
for remembering. However, Castel, Lee, Humphreys, and Moore (2011) found that the recall
of 6-9 years old children was sensitive to the point value attached to each studied item. Using
a wider age range of 6-18 years old, Hanten and her associates (Hanten, Zhang, & Levin,
2002; Hanten et al., 2004; Hanten et al., 2007) attached different values to the memory of
different words. A selective learning efficiency score, reflecting the preferential recall of
words of higher value, was found to increase monotonically with age (see also Castel,
Humphreys, Lee, Galván, Balota, & McCabe, 2011). In all of these studies, items were
presented at a fixed rate.
For self-paced learning, Kunzinger and Witryol (1984) found that 7-year old children
allocated more rehearsal to high-value words and exhibited better recall of these words than
low-value words. Similar results were obtained in other studies (see Schneider & Pressley,
1997). Lockl and Schneider (2004) found that only 3rd-graders but not 1st-graders studied
longer when accuracy was emphasized than when speed was emphasized. However, children
in both age groups did not vary their study time in accordance with the presence or absence of
incentives. We are not aware of previous developmental studies examining the effects of goaldriven investment of effort on JOLs.
In this study, we chose 5th and 6th-graders as our target population because children at
these grades not only exhibit evidence for data-driven regulation in self-paced learning, but
also rely on the feedback from that regulation in monitoring their own knowledge during
study (Hoffmann-Biencourt et al., 2010; Koriat et al., 2009b). At the same time, they also
show evidence for goal-driven regulation, as suggested by the results of Hanten et al. (2007).
Also, in terms of Piaget’s stages, these children are at the end of the concrete operations stage
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(7-11 years of age): They should be able to consider two relevant dimensions simultaneously
(Demmrich, 2005; Ojose, 2008; Piaget, 1977). We examined the ability of these children to
adjust their JOLs to both data-driven and goal-driven regulation within the same task.
Because we had suspected that children at this age might not reveal the pattern of differential
sensitivity exhibited by young adults, we proceeded step by step, increasing gradually the
complexity of the task.
In all of the following experiments, goal-driven variation in ST was manipulated by
awarding different incentives to the recall of different paired-associates. The value of each
item was announced prior to its presentation. Data-driven variation in ST, in contrast, was
produced by using paired-associates that differed in the degree of relatedness between the
members of the pairs. JOLs were assessed at the end of each self-paced study trial. If children
use ST as a tool for regulating learning, then according to the MC model, ST investment
should increase with incentive, and JOLs as well as recall should also yield a corresponding
increase. At the same time, in line with the CM model, we expected the results for each
incentive level to yield the pattern characteristic of data-driven regulation: decreased JOLs
with increased ST.
Experiment 1
Although there is evidence that 5th and 6th-graders' JOLs exhibit sensitivity to datadriven variation in ST (Koriat et al., 2009b), there has been no evidence that their JOLs
during learning are sensitive to goal-driven variations in ST. Our preliminary attempt to
demonstrate such goal-driven effects with 5th and 6th graders using the design of Experiment
5 in Koriat et al. (2006), yielded evidence for the effects of data-driven variation on JOLs, but
little evidence for the effects of goal-driven variation. Therefore, in Experiment 1 we sought
to enhance the effects of goal-driven variation in comparison to those of data-driven variation,
by slating all unrelated paired-associates to one block and all related paired-associates to
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another block. Incentive was manipulated within each block. In Experiment 2, in contrast,
unrelated and related pairs were mixed within each block, and incentive was manipulated
between blocks. This design was expected to enhance the contribution of data-driven
variation relative to that of goal-driven variation.
Method
Participants. Participants were forty children from primary schools in Israel, mostly
of middle-class and upper-middle-class socioeconomic background. The sample included 20
5th-graders (mean age 10.4) and 20 6th-graders (mean age 11.4), with an overall mean age of
10.9.
Materials. The items were 24 pairs of Hebrew words that had been used in previous
research (Koriat et al., 2009b). For twelve pairs the members of each pair were associatively
related (e.g., chicken-egg, king-crown), and for 12 pairs the two words were unrelated (e.g.,
stove-flag, cake-rug). The related and unrelated pairs were slated to two separate blocks so
that the assignment of the two sets of items to each block was counterbalanced across
participants. Four additional pairs were used for practice.
Procedure. The consent of the parents and of the school was obtained before the
beginning of the study. Children were tested individually in a quiet room in the school, using
a PC-compatible laptop computer. They were told that the experiment concerns the ability of
children to allocate learning resources to different topics according to their importance. To
illustrate the experimental task, the children were asked to choose two activities out of four
(basketball, ceramics, drama, and martial arts), which they would prefer for after-school
activities. They were told to imagine that only a few children will be admitted to each activity,
depending on their success in studying passages on topics relevant to that activity. Therefore,
they were asked to study two short-text passages, each relevant to one of the activities that the
child had chosen, investing more effort in the most preferred topic than in the less preferred
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topic. Their memory of each passage was then tested with one simple question for each
passage.
Following this demonstration, they were told that they would have to study pairs of
words appearing on the computer screen so that they would be able to recall the response
word when cued with the stimulus word at the test phase. The importance of each item would
be indicated by an incentive value, which represents the number of points that they can earn
for correct recall of that item, and that the number of points awarded would be indicated with
either 1 star or 5 stars that would be presented before each item (the analogy with the task of
studying the two text passages was mentioned). They were told that their task was to study the
list so as to earn as many points as they could. They could study each pair as long as they
needed but should try to spend as little time as possible in studying the entire list. To
encourage them to take into account the incentive associated with each item, it was mentioned
that all the 5-star items would appear in the test, but only some of the 1-star items would be
tested (in fact only the practice items that were associated with 1 star were not included in the
test phase). Two word-pairs were used for practice at the beginning of each of the two blocks.
In each study trial, the child clicked a "show pair" box when ready to study a word pair.
Either one star or five blinking stars were then presented, and 2 s thereafter the study pair was
added on the screen and remained with the stars on the screen until the child clicked a box
labeled “continue” with the mouse. The time elapsed between the two presses constituted the
ST measure. Immediately thereafter, the JOL question appeared: “How sure are you that you
will recall the second word later when you see the first word?” The measurement of JOLs
capitalized on the hot-cold game familiar to children, using a thermometer procedure (see
Koriat et al., 2009b; Koriat & Shitzer-Reichert, 2002, for details). Children made their ratings
by sliding a pointer on a colored scale using the mouse. The position on the scale was
transformed into a JOL percentage score (0%-100%). After marking the JOL rating, the child
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clicked a box labeled “next pair” to initiate the next trial. When the first list was over, a note
appeared announcing the beginning of the second list. The 24 word pairs appeared in one of
four orders, counterbalanced across participants.
At the end of the second study block, a one-minute filler task was administered (making
a free-line drawing). In the test phase that followed, all cue words from the two study blocks
were presented each in turn in a random order. The recalled response was spoken orally by the
child and was recorded by the experimenter. The children responded at their own pace
without time limit. They were encouraged to try to recall the response word, but when unable
to produce a response, they could move to the next cue word. The first two cue words were
from the practice items.
Results and Discussion
Preliminary analyses yielded no differences between 5th- and 6th-graders in this
experiment and the following experiments. Therefore, in all of the analyses the results were
pooled across the two grades.
Figure 2 (Panel A) presents the results for JOLs and recall. In the preparation of this
figure, all items associated with the same incentive level (1 or 5 points), were split at the ST
median for each participant, and average JOLs and recall for below-median (short) and abovemedian (long) STs were calculated. These four means per participant served as the basis for
the analyses, unless otherwise stated. The mean JOLs and recall are plotted for the short and
long ST items for each of the incentive levels as a function of the mean ST for short and long
STs. Goal-driven regulation is depicted by the center lines representing mean JOL/recall for
1-point and 5-point items as a function of their respective mean STs.
It can be seen that both JOLs and recall increased with ST in comparing the means of
the two incentive conditions. This result suggests sensitivity to goal-driven variation.
However, whereas recall also yielded sensitivity to data-driven variation, decreasing with
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increasing ST for each incentive condition, JOLs evidenced little similar decrease. Let us
examine ST allocation, JOLs, and recall for each type of regulation in turn.
------------------------------Insert Figure 2 about here
------------------------------Goal-driven regulation. Across both study blocks, children invested significantly more
ST in 5-point items (10.2 s) than in 1-point items (7.8 s), t(39) = 5.84, p < .0001, Cohen’s d =
0.92. Of the 40 participants, 33 exhibited this trend, p < .0001, by a binomial test. In parallel,
JOLs were also higher for 5-point items (70.8) than for 1-point items (67.9), t(39) = 2.82, p <
.01, d = 0.45. This trend was observed for 29 out of the 40 participants, p < .005, by a
binomial test. Thus, consistent with the MC model, the children regulated their ST in
accordance with the goal of increasing their winnings, and JOLs increased with increasing
ST. Recall was also somewhat better for 5-point items (59.8%) than for 1-point items
(54.9%), t(39) = 1.81, p < .08, d = 0.29.
These results indicate that the children made a strategic use of ST, allocating more ST
to the high-incentive items, and this regulation was effective to some extent in enhancing their
recall. The increased ST was accompanied by higher JOLs so that JOLs made at the end of a
study trial increased with increasing ST, consistent with the MC model.
Data-driven regulation. The effects of data-driven regulation were examined by
comparing JOLs and recall between short and long STs (see Figure 2), as was done in
previous studies (Koriat et al., 2006; Koriat et al., 2009b). The results failed to yield evidence
for sensitivity to data-driven variation. A two-way ANOVA, Incentive (1 vs. 5 points) X ST
(long vs. short) for JOLs yielded F(1, 39) = 7.98, MSE = 41.84, p < .01, η p2 = .17, for
incentive, but F < 1 for ST, and no interaction, F(1, 39) = 2.82, MSE = 30.85, p < .11, η p2 =
.07.

Goal-Driven and Data-Driven Metacognitive Monitoring

16

We also examined the within-participant Pearson correlation across items between ST
and JOLs, using the full range of STs. This correlation averaged -.05 for 5-point items,
and -.12 for 1-point items, but only for the 1-point items was the correlation significant, t(39)
= 2.02, p < .05, d = 0.32.
These results are particularly surprising in light of the fact that recall decreased with
increasing ST for each of the incentive levels. Thus, a two-way ANOVA for recall, as above,
yielded F(1, 39) = 3.29, MSE = 291.04, p < .10, η p2 = .08 for incentive, F(1, 39) = 10.58,
MSE = 876.34, p < .005, η p2 = .21 for ST, and F<1 for the interaction. Across both
incentives, recall was higher for short-ST items (65.0%) than for long-ST items (49.7%). This
trend was significant for the 5-point incentive condition, t(39) = 3.48, p < .005, d = 0.55, as
well as for the 1-point incentive condition, t(39) = 2.04, p < .05, d = 0.24. 2
With regard to JOL accuracy, the within-person JOL-recall gamma correlation (Nelson,
1984) averaged .29, t(36) = 3.81, p < .001, d = 0.63, for 5-point items and .42, t(36) = 6.07, p
< .0001, d = 0.99, for 1-point items. It was .36, t(39) = 7.41, p < .0001, d = 1.17, across all
items.
The JOL results of Experiment 1 are unexpected first, because previous studies yielded
evidence for JOL's sensitivity to data-driven regulation even for 3rd-graders (HoffmannBiencourt et al., 2010; Koriat et al., 2009b), and for 4th-graders, even when all items were
unrelated (Koriat et al., 2009a). Second, because, unlike JOLs, recall performance did
decrease with ST for same-incentive items. In contrast, with regard to goal-driven regulation,
the results confirmed that 5th- and 6th-graders allocate ST to items in accordance with the
incentive awarded to the recall of these items, and in parallel expect recall to be better for
high-incentive items than for low-incentive items.
Two explanations may be offered for the failure of the children's JOLs to respond to
data-driven regulation. The first is that perhaps the blocking of items by relatedness did not
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allow a sufficiently large variation between items within a block that could allow children's
JOLs to exhibit sensitivity to data-driven differences in ST. However, the average withinperson variance in ST was about the same in this experiment as it was for 5th- and 6th-graders
in Koriat et al.'s (2009b) study: In that study, in which there was no manipulation of incentive
and related and unrelated pairs were intermixed, the mean ST standard deviation across items
was 4.6 s, whereas in this experiment it was 3.4 s for the block of related pairs, and 5.9 s for
the block of unrelated pairs.
A second explanation is that children find it difficult to respond to both goal-driven and
data-driven variation within the same situation. Bringing differential incentives into focus
resulted in enhanced sensitivity to goal-driven variation, but impeded sensitivity to datadriven variation. As a result, although ST was indeed diagnostic of recall, the children failed
to make use of it as a cue for JOLs. It is interesting to note that this is the pattern that was
observed for the younger children in Koriat et al.’s study (2009b): In that study, ST was a
valid predictor of recall even for 1st- and 2nd-graders, decreasing with increased ST, but
children at these ages did not seem to make use of ST as a cue for JOLs. Thus, perhaps
children's responsiveness to goal-driven regulation in the present study impaired their
sensitivity to the feedback that they could derive from ease of learning.
Experiment 2 was designed to help distinguish between these two accounts by creating
a condition that is expected to increase children's sensitivity to data-driven regulation.
Experiment 2
Experiment 2 was similar to Experiment 1 except that incentive was manipulated
between blocks whereas item relatedness varied within block. As in Experiment 1, children
were given instructions that emphasized the importance of regulating learning according to
the incentive associated with each item. However, the items were divided between two blocks
according to incentive so that each block included a mixture of unrelated and related pairs, but
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all items in one block received a high incentive whereas all those in the other block received a
low incentive. This division was expected to increase sensitivity to data-driven variation
relative to goal-driven variation in ST.
Method
Participants. Participants were 40 children drawn from the same population. The
sample consisted of 20 5th-graders (mean age 10.6) and 20 6th-graders (mean age 11.5), with
an overall mean age of 11.1.
Materials and procedure. The materials and procedure were the same as in
Experiment 1, but the assignment of the items to the two blocks was such that each block
included six related pairs and six unrelated pairs. All items in one block were associated with
a 1-point incentive whereas those in the other block were associated with a 5-point incentive,
with the assignment counterbalanced across participants. Two items were used for practice in
each list.
Results and Discussion
The results for JOLs and recall are plotted in Figure 2 (Panel B). It can be immediately
seen that now the results clearly disclose the inverse relationship between ST and JOL that is
characteristic of data-driven regulation. Recall reflects this pattern as well. However, the
effects of goal-driven regulation disappeared almost entirely for both JOL and recall. We
examine the results beginning first with those pertaining to data-driven regulation.
Data-driven regulation. JOLs for short-ST items and long-ST items averaged 70.0
and 60.0, respectively, t(39) = 5.33, p < .0001, d = 0.84. The ST-JOL Pearson correlation
averaged -.28 for 5-point items, t(39) = 5.54, p < .0001, d = 0.88, and -.18 for 1-point items,
t(39) = 3.20, p < .005, d = 0.50. Thus, JOLs decreased with increasing STs irrespective of
incentive.
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A similar pattern was observed for recall: Recall averaged 66.0% for items with shortST items, and 57.1% for long-ST items, t(39) = 2.67, p < .05, d = 0.42. The JOL-recall
gamma correlation averaged .44, t(34) = 6.53, p < .0001, d = 1.10, for 5-point items, and .55,
t(34) = 8.79, p < .0001, d = 1.49, for 1-point items. It was .48, t(38) = 9.41, p < .0001, d =
1.51, across all items.
Goal-driven regulation. In contrast to the results for data-driven regulation, the
children exhibited little sensitivity to goal-driven variation in ST. Across both study blocks,
they invested only slightly more ST in 5-point items (11.9 s) than in 1-point items (10.3 s),
t(39) = 1.11, p = .28, d = 0.17. There was also little difference between 5-point items and 1point items either in JOLs or in recall. JOLs averaged 65.3 for 5-point items and 64.8 for 1point items, t(39) = 0.36, p = .72, d = 0.06. The respective means for recall were 61.5 and
61.7, t(39) = 0.08, p = .94, d = 0.01. Thus, there was no sign for goal-driven regulation of ST
or for its expected effects on metacognitive judgments.
A comparison of the results of Experiments 1 and 2 brings to the fore the pliability of
metacognitive judgments. Whereas JOLs in Experiment 1 exhibited sensitivity to goal-driven
regulation but not to data-driven regulation, Experiment 2 indicated data-driven regulation but
not goal-driven regulation. We conducted several analyses to obtain some insight into the
processes underlying the differential sensitivity of JOLs to goal-driven versus data-driven
variation. Consider the results presented in Figure 3. In panel A, JOLs are plotted as a
function of mean ST for 1-point and 5-point incentives in Experiments 1 and 2, thus depicting
the effects of goal-driven regulation. In panel B, in contrast, they are plotted as a function of
mean ST for short (below median) and long (above median) ST, thus depicting the effects of
data-driven regulation. Two observations are noteworthy. First, the extent of ST variation due
to goal-driven regulation (i.e., incentive; panel A) is larger in Experiment 1 (amounting to 2.4
s) than in Experiment 2 (1.6 s). In contrast, the opposite is observed for data-driven regulation
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(panel B): The extent of variation that is due to data-driven regulation is larger in Experiment
2 (10.3 s) than in Experiment 1 (8.0 s). Thus, the regulation of ST was more tuned to goaldriven variation in Experiment 1 and to data-driven variation in Experiment 2. This difference
in self-regulation, in itself, may explain why JOLs vary more strongly (positively) with
incentive in Experiment 1 and more strongly (negatively) with data-driven ST in Experiment
2.
------------------------------Insert Figure 3 about here
------------------------------A second observation, however, suggests a difference in monitoring over and above that
which can be accounted for by differences in regulation. This is reflected in the slopes of the
ST-JOL functions: The slope for goal-driven regulation was steeper in Experiment 1 whereas
the slope for data-driven regulation was steeper in Experiment 2. This pattern suggests that
conditions that make one dimension of variation more salient than the other not only make
self-regulation differentially sensitive to variations in the two dimensions but also make
monitoring differentially sensitive to the output of that regulation. It is as if in making JOLs,
variation in self-regulation along the salient dimension is weighted more heavily than
variation along the non-salient dimension.
In conclusion, the results of Experiment 1 and Experiment 2 disclose an "either or"
pattern: When one type of variation is more salient, children respond to it, exhibiting
insensitivity to the other type of variation. This pattern of results may be due to the opposite
implications that variations in ST have for metacognitive judgments in the case of goal-driven
variation versus data-driven variation.
Experiment 3
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Experiment 3 was intended to provide a summary description of what seems to emerge
from the results of Experiments 1 and 2. In Phase 1 of the experiment, we attempted to
produce a more balanced emphasis on goal-driven and data-driven variation than in the
previous two experiments. The design was similar to that used by Koriat et al. (2006,
Experiment 5) with college students. We expected that the results would fail to yield
metacognitive sensitivity to the effects of both types of variation. Therefore, Phase 2 of the
experiment was intended to confirm that the same participants do respond to each dimension
of variation when variation in the other dimension is held constant as found in the previous
two experiments.
Method
Participants. Participants were 40 children drawn from the same population as in the
previous experiments. The sample consisted of 20 5th-graders (mean age 10.7) and 20 6thgraders (mean age 11.6), with an overall mean age of 11.1.
Materials and procedure. The materials for Phase 1 of the experiment were the same
as in Experiment 1. The items, however, were intermixed within a single list. Half of the
items in each relatedness category were associated with a 1-point incentive, and the other half
with a 5-point incentive.
For Phase 2, the children in each grade were divided randomly between the constantand differential-incentive conditions with an equal number in each condition. For the
constant-incentive condition, a new study list of 12 pairs was used (and two practice pairs)
including six related and six unrelated pairs. Participants were told that the recall of each pair
was worth 3 points. Participants in the differential-incentive condition were presented with a
list consisting of 12 new pairs, all unrelated (and two practice pairs). Half of these pairs were
associated with a 1-point incentive and half with a 5-point incentive, with the assignment
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counterbalanced across participants. The procedure of Phase 2 was otherwise the same as that
of Phase 1.
Results and Discussion
Analyses of the results of Phase 1. The results from Phase 1 of the experiment are
plotted in Figure 4. Participants allocated significantly more ST to the 5-point items (8.6 s)
than to the 1-point items (7.4 s), t(39) = 3.02, p < .005, d = 0.48. However, JOLs did not differ
significantly as a function of incentive, averaging 66.7 for 5-point items and 65.3 for 1-point
items, t(39) = 1.31, p = .20, d = 0.21. Recall also failed to vary significantly with incentive: It
averaged 57.1% for 5-point items and 54.5% for 1-point items, t(39) = 1.01, p = .32, d = .16.
Thus, the children evidenced goal-driven regulation, allocating longer ST to the highincentive than to the low-incentive items, but JOL failed to exhibit sensitivity to the feedback
from that regulation.
------------------------------Insert Figure 4 about here
------------------------------In contrast, there was evidence indicating that JOLs were affected by data-driven
variation, being higher for short-ST items (69.0) than for long-ST items (63.0), t(39) = 3.05, p
< .005, d = 0.48. The ST-JOL Pearson correlation averaged -.11 for 5-point items, t(39) =
2.17, p < .05, d = 0.34, and -.10 for 1-point items, t(39) = 2.00, p < .06, d = 0.32. Thus, JOLs
decreased with increasing STs, consistent with the pattern expected for data-driven regulation.
Recall was also better (62.6%) for short-ST items than for long-ST items (48.9%),
t(39)= 5.28, p < .0001, d = 0.83. The ST-recall gamma correlation averaged -.28 for 5-point
items, t(38) = 5.16, p < .0001, d = 0.82 and -.19 for 1-point items, t(38)= 3.53, p < .005, d =
0.57. The JOL-recall gamma correlation averaged .64, t(38) = 13.57, p < .0001, d = 2.18 for
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5-point items and .61 for 1-point items, t(38)= 13.52, p < .0001 d = 2.16. Across all items the
JOL-recall gamma was .62, t(39) = 18.61, p < .0001, d = 2.94.
In sum, the results of Phase 1 yielded evidence for metacognitive judgments being
based on data-driven regulation of study effort. However, although relatively more ST was
allocated to the high-incentive items, there was little indication for the expected effects of
goal-driven regulation of ST on JOLs and recall.
Analyses of the results of Phase 2. In Phase 2 of the experiment, the constantincentive participants exhibited sensitivity to data-driven variation, as was found in
Experiment 2 (see Figure 5, Panel A): JOLs were higher for below-median ST (76.6) than for
above-median STs (62.1), t(19) = 4.40, p < .001, d = 0.98. Recall was also better for belowmedian STs (66.3%) than for above-median STs (54.9%), although the difference was not
significant, t(19) = 1.36, p = .19, d = 0.30. The ST-JOL correlation averaged -.26, t(19) =
5.24, p < .0001, d = 1.17. Thus, JOLs decreased with increasing STs, consistent with the
pattern expected for data-driven regulation. The JOL-recall gamma correlation averaged .42,
t(18) = 5.33, p < .0001, d = 1.22.
------------------------------Insert Figure 5 about here
------------------------------The results for the differential-incentive condition (see Figure 5, Panel B) yielded little
evidence for data-driven regulation. Across incentives, JOLs averaged 51.6 for below-median
ST, and 51.0 for above-median STs, t(19) = 0.24, p = .82, d = 52.92. The results for recall
were surprising: Across incentives, recall actually tended to increase from short-ST (29.17) to
long-ST (37.50), t(19) = 1.88, p < .08, d = 0.42.
As for goal-driven regulation, participants invested more ST in 5-point items (7.4 s)
than in 1-point items (6.3 s), but the difference was not significant, t(19) = 1.15, p = .26, d =

Goal-Driven and Data-Driven Metacognitive Monitoring

24

0.26. JOLs, in contrast, were sensitive to incentive averaging 55.2 for 5-point items and, 47.3
for 1-point items, t(19) = 3.02, p < .01, d = 0.68. Recall was overall lower than in the previous
experiments, because all the items were unrelated, but nevertheless it also yielded an effect of
incentive, averaging 39.2% for 5-point items and 27.5% for 1-point items, t(19) = 2.33, p <
.05, d = 0.52.
In sum, Experiment 3 (Phase 1) was similar in design to Experiment 5 of Koriat et al.
(2006), but yielded evidence only for the effects of data-driven variation. The results suggest
that the metacognitive monitoring of 5-6th-graders is not mature enough to incorporate the
effects of goal-driven variation: Although the children exerted goal-driven regulation of ST,
their metacognitive judgments did not exhibit sensitivity to the ensuing variation in ST. The
results from Phase 2 clearly indicated that this was not because these children could not
respond to goal-driven variation, but possibly because they could not respond simultaneously
to both types of variation.
Experiment 4
The results presented so far indicate that 5-6th-graders can exhibit sensitivity to both
goal-driven and data-driven variation in ST, but cannot respond simultaneously to both types
of variation in the same task. College students, in contrast, were able to react differentially to
the two types of variation, demonstrating a positive ST-JOL relationship for goal-driven
variation, and a negative relationship for data-driven variation. In Experiment 4 we included a
group of 9th-graders in order to trace the developmental trajectory of this ability.
Method
Participants. Participants were 20 9th-graders (mean age 14.5) drawn from one of the
schools that was used in the previous experiments that has a junior high school within the
same school complex.
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Materials and procedure. The materials and procedure were the same as in
Experiment 3 (Phase 1).
Results and Discussion
We begin by reporting the results for the 9th- graders. We then compare the three age
groups -- 5-6th-graders, 9th-graders, and college students (based on Koriat et al., 2006) in
terms of several variables that can shed light on the underlying developmental changes.
Analysis of the results for 9th-graders. The results for 9th-graders (Figure 6) were
more similar to those of college students (Figure 1) than to those of the primary school
children (Experiment 3, Phase 1; Figure 4), evidencing sensitivity to both goal-driven and
data-driven regulation of ST within the same task. With regard to goal-driven regulation,
participants allocated significantly more ST to the 5-point items (13.1 s) than to the 1-point
items (10.2 s), t(19) = 4.00, p < .001, d = 0.89. In parallel, JOLs were higher for the 5-point
items (64.4) than for the 1-point items (59.2), t(19) = 4.23, p < .0005, d = 0.94, and recall too
evidenced the same trend (the respective means were 67.1% and 62.5%), t(19) = 1.81, p < .09,
d = 0.41. These results are consistent with the MC model.
At the same time, the results yielded evidence for sensitivity to data-driven variation,
consistent with the CM model: JOLs were higher for short-ST items (67.9) than for long-ST
items (55.7), t(19) = 4.23, p < .0005, d = 0.94. The ST-JOL correlation averaged -.39 for 5point items, t(19) = 6.84, p < .0001, d = 1.53, and -.30 for 1-point items, t(19) = 4.94, p <
.0001, d = 1.11. Recall was also higher for short-ST items (70.0%) than for long-ST items
(59.6%), t(19) = 2.25, p < .05, d = 0.50. The JOL-recall gamma correlation averaged .54, t(18)
= 6.71, p < .0001, d = 1.50, for 5-point items, and .61 for 1-point items, t(18) = 7.25, p <
.0001, d = 1.66. Across all items, the JOL-recall gamma correlation averaged .54, t(19) =
7.34, p < .0001, d = 1.64.
-------------------------------
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Insert Figure 6 about here
-----------------------------In sum, the results for 9th-graders disclose an adult-like pattern, evidencing
simultaneous sensitivity to data-driven and goal-driven variation. The similarity between the
pattern of results for JOLs and recall in Figure 6 is impressive, suggesting that the effects of
STs on JOLs capture faithfully the respective effects on recall. These results strongly suggest
that the metacognitive ability to respond differentially and simultaneously to the implications
of data-driven and goal-driven regulation develops between the 6th and 9th grades. We shall
now examine more closely the developmental changes that take place across the three age
groups: 5-6th-graders, 9th-graders, and college students.
A comparison across the three age groups. Table 1 summarizes some of the
developmental trends suggested by the results. The first two columns present the mean
within-person ST-JOL correlation for the low-incentive and high-incentive items for the three
age groups. The data were taken from Experiment 3 (phase 1) for 5-6th-graders, from
Experiment 4 for 9th-graders, and for college students from Koriat et al. (2006, Experiment 5,
1st presentation). The correlations exhibit a monotonic increase with age for both lowincentive and high-incentive items, F(2, 73) = 9.41, MSE = 0.08, p < .001, η p2 = .20, and F(2,
73) = 16.27, MSE = 0.08, p < .0001, η p2 = .31, respectively, suggesting an age-related
increase in the reliance of JOLs on data-driven variation in ST. As shown in Table 1, post-hoc
analyses of the difference among the groups by Scheffe test revealed significant differences
between the younger group and the other two groups, both p < .05, and no difference between
the 9th-graders and the young adults. However, Hierarchical Linear Models (HLM; Proc
Glimmix macro of SAS© 9.2) indicated a significant difference between the two older groups
in the slopes of the functions relating JOLs to ST. When these slopes were calculated for each
participant, significant interactive effects were found, indicating that the slopes were steeper
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for college students than for the 9th-graders, for the low-incentive level, t(397) = 5.3, p <
.0001, as well as for the high-incentive level, t(543) = 6.89, p < .0001. These results
supplement the finding of Koriat et al. (2009b) and Hoffmann-Biencourt et al. (2010). They
found a stronger decrease in JOLs with ST for 3rd- to 6th-graders than for 1st-2nd-graders.
The present results, however, suggest increased sensitivity of JOLs to the feedback from datadriven regulation even beyond the primary school years.
------------------------------Insert Table 1 about here
------------------------------Table 1 also presents the gamma correlations between incentive and JOL for related and
unrelated pairs. For the related pairs, the correlations did not differ from zero for any of the
age groups. For the unrelated pairs, in contrast, the correlations were significant for all age
groups, and tended to increase with age, but the differences among the groups were not
significant, either by Scheffe post-hoc test or by HLM.
The critical property that distinguishes college students from primary school children,
however, lies in the ability to respond simultaneously and differentially to data-driven
variation and goal-driven variation rather than in the ability to respond to each of them alone.
The following analyses were carried out in order to bring to the fore the qualitative change
that takes place with age in the combined effects of the two types of variation. In the first
analysis, for each participant, the effect size of goal-driven regulation on JOLs was calculated
by subtracting mean JOLs for low-incentive items from mean JOLs for high-incentive items
and dividing the difference by the participant’s standard deviation of JOLs. In parallel, the
effect size of data-driven regulation on JOLs was calculated by subtracting mean JOLs for
below-median ST items from mean JOLs for above-median ST items and dividing the
difference by the participant’s standard deviation of JOLs. The ability of learners to respond
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to both types of variation is best reflected in the sum total of the two effect sizes for each
participant. It can be seen in the last column of Table 1 that the sum total increases
monotonically with age. One-way ANOVAs conducted for each of the three effect size
measures yielded F(2, 73) = 5.56, MSE = 0.92, p < .01, η p2 = .13 for data-driven, F(2, 73) =
3.36, MSE = 0.51, p < .05, η p2 = .08 for goal-driven, and F(2, 73) = 9.31, MSE = 1.09, p <
.0005, η p2 = .20 for the effect size of both data-driven and goal-driven regulation. The results
of the Scheffe post-hoc (see Table 1) indicate significant differences between the younger
group and either one or both of the two older groups.
The developmental trend in the ability to respond to the two dimensions of variability at
the same time was also confirmed by an analysis of the estimated proportion of variance in
JOLs that is accounted for by goal-driven and data-driven effects. The estimates are based on
two-way ANOVAs on JOLs, Incentive (low vs. high) X ST (below median vs. above
median), for each age group. The percentage of variance accounted for by both effects
together was 4.6% for the 5-6th-graders, 16.3% for the 9th-graders, and 48.5% for the college
students.
In conclusion, the results of Experiment 4 suggest that unlike 5th and 6th-graders, 9thgraders are not only capable of exercising data-driven and goal-driven regulation in the same
task but also possess the metacognitive sophistication needed to take into account the opposite
effects of the two types of regulation in monitoring their own learning.
Experiment 5
Experiment 5 was designed to gain some insight into the metacognitive deficiency
underlying the failure of 5-6th-graders’ JOLs to respond to the effects of both data-driven and
goal-driven regulation for the same item. In the previous experiments, 5-6th-graders exhibited
sensitivity to each of these two types of regulation in making recall predictions, so what
prevents them from doing so when both types of regulation occur within the same task? We
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propose that the difficulty derives from the fact that ST represents the joint output of both
regulations. Thus, a child (or an adult for that matter) is faced with a task similar to that
underlying the logic of analysis of variance: To partition the observed total variance into
components attributable to two different sources of variation. We hypothesized that this
partitioning is necessary for drawing the opposite implications that the two types of variation
have for JOLs. This proposal implies that the metacognitive deficiency of primary school
children derives specifically from a process that intervenes between (a) the regulation of ST
according to data-driven and goal-driven variation, and (b) the computation of metacognitive
judgments that takes into account each of the two sources. Indeed, the results of Experiment 3
(Phase 1) indicated that 5-6th-graders were able to regulate their ST according to both datadriven and goal-driven regulation in the same task. The results of Phase 2 indicated further
that their JOLs were sensitive differentially to the two types of variation when these variations
occurred separately. Therefore, the failure of these children to take into account both types of
variation must lie in the differential attribution of variations in ST to their separate sources
(see Koriat & Nussinson, 2009).
To illustrate the implications of this analysis, consider two items, a difficult-to-encode
item that is associated with a low incentive, and an easy-to-encode pair that is associated with
a high incentive. The results suggest that school children (Experiments 3 and 4) are successful
in regulating ST in keeping with both goal-driven and data-driven regulation, perhaps
investing the same amount of ST in both items. When it comes to monitoring, however,
primary school children seem to encounter a difficulty in responding to the joint effects of
their regulation. Although the same amount of ST might be allocated to the two items,
learners ought to assign higher JOLs to the high-incentive related pair than to the lowincentive unrelated pair. Indeed, inspection of Figure 1 (college students) and of Figure 6
(9th-graders) indicates that JOLs differed markedly for items with the same ST depending on
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the specific combination of data-driven and goal-driven sources of ST. The discrepancy
exhibited by children between the results for regulation and those for monitoring suggests that
the ST invested in an item does not carry (or retain) a stamp of its source: Children do not
keep a record of what proportion of their ST derives from their data-driven regulation and
what proportion is due to their goal-driven regulation.
In Experiment 5, we examined this idea by exploring the effects of a training procedure
designed to help children partition differences in ST according to their source. A before-after
design was used, with the partitioning procedure (Phase 2) intervening between two phases.
Phase 1 (pre-training) involved a similar procedure to that used in Phase 1 of Experiment 3
and in Experiment 4, and the procedure in Phase 3 (post-training) was also the same, except
that a new study list was used.
In Phase 2 (training) of the experiment, children were first allowed to invest as much ST
as they wished in each item. Only then was the incentive associated with the item announced,
and the child had the option of investing more ST in the item or ending study and moving to
the next item. We assume that the first part of ST reflects data-driven regulation, whereas the
second part reflects goal-driven regulation. We examined first, whether under these
conditions, children’s JOLs would be sensitive to both data-driven and goal-driven regulation.
Second, we examined whether the effects of this procedure would transfer to the situation in
which both types of regulation occur at the same time.
Method
Participants. The sample consisted of 30 5th-graders (mean age 10.8) and 30 6thgraders (mean age 11.6), with an overall mean age of 11.2. They were drawn from the same
population as in the previous experiments with this age group.
Materials. The study items were 46 word pairs. They included the 24 word pairs that
had been used in the previous experiments, and new items taken from the same pool of items,
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and chosen to include 23 related pairs and 23 unrelated pairs. Six additional pairs were used
for practice, two word pairs for each phase. The pairs were divided into three lists, one for the
pre-training phase (15 pairs), one for the training phase (15 pairs), and one (16 pairs) for the
post-training phase.
Procedure. The children received instructions about incentives as had been done in the
previous experiments. The procedure of the pre-training phase was identical to that of Phase 1
of Experiment 3. In the second, training phase, each study pair was first presented without its
associated incentive value. The children were instructed to study the pair as long as they
needed. They indicated end of study by pressing a box labeled “how many stars?” The word
pair and the box then disappeared, and one star or five blinking stars appeared with two boxes
below: “study more” and “continue”. Pressing “study more” displayed the pair again, and the
star indication remained on the screen. The child could then continue studying the item as
long as needed, clicking the “continue” box when done. Upon pressing the “continue” box,
the word pair was replaced by the JOL scale.
The procedure for the post-training phase was the same as that of the pre-training phase
but with a new list of items. Following this phase and after a filler task, a test phase took
place, including all cue words from the three study phases, randomly ordered.
Results and Discussion
We shall first present the results for Phase 1 in order to examine later the effects of the
partitioning procedure.
Phase 1 (pre-training). Figure 7 (panel A) presents the results for this phase in the
same format as in the previous experiments. With regard to goal-driven regulation, children
invested significantly more ST in 5-point items (10.8 s) than in 1-point items (8.6 s), t(59) =
5.29, p < .0001, d = 0.68. However, the respective means for JOLs were 65.4 and 63.6, and
did not differ significantly, t(59) = 1.55, p =.13, d = 0.20. Recall also failed to yield a
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significant effect of incentive: It averaged 56.5% for 5-point items and 54.2% for 1-point
items, t(59) = 0.75, p = .44, d = 0.10.
In contrast, JOLs were responsive to data-driven regulation: They were higher for
below-median STs (66.7) than for above-median STs (62.4), t(59) = 2.93, p < .005, d = 0.38.
The ST-JOL Pearson correlation averaged -.16 for 5-point items, t(59) = 3.11, p < .005, d =
0.40, and -.12 for 1-point items, t(59) = 2.25, p < .05, d = 0.29. Recall for short-ST items
(56.6%) did not differ from recall for long-ST items (54.0%), t(59) = 0.87, p = .39, d = 0.11.
The JOL-recall gamma correlation averaged .34, t(54) = 5.27, p < .0001, d = 0.71, for 5-point
items, and .36 for 1-point items, t(54) = 5.47, p < .0001, d = 0.74.
------------------------------Insert Figure 7 about here
------------------------------In sum, the results for Phase 1 were similar to those of Experiment 3 (Phase 1): The
children regulated the allocation of ST in accordance with the differential incentives but their
JOLs did not increase significantly with incentive. In contrast, JOLs were sensitive to datadriven regulation, decreasing with increasing STs.
Phase 2 (training). Figure 8 presents the results for the partitioned ST allocation for
related and unrelated pairs. In this figure, ST is partitioned into two components. The first
component, prior to the announcement of incentive, is assumed to reflect data-driven
regulation. The second component, the added ST in response to the announced incentive, is
assumed to reflect goal-driven regulation. Participants spent initially 6.9 s on average
studying each item, 5.9 s on the related pairs and 8.0 s on the unrelated pairs, t(59) = 4.64, p <
.0001, d = 0.60. Additional ST was then allocated to the 5-point items (4.6 s) than to the 1point items (1.0 s), t(59) = 6.51, p < .0001, d = 0.84. Thus, the total amount of time invested
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in the study of each item averaged 11.3 s for 5-point items and 8.1 s for 1-point items, t(59) =
5.25, p < .0001, d = 0.70.
------------------------------Insert Figure 8 about here
------------------------------Note that the effects of incentive were stronger for the unrelated pairs than for the
related pairs. Thus, an Incentive X Relatedness (related vs. unrelated) ANOVA on the added
(goal-driven) ST yielded F(1, 59) = 54.74, MSE = 17.15, p < .0001, η p2 = .48, for incentive,
F(1, 59) = 17.18, MSE = 8.89, p < .0001, η p2 = .23, for relatedness, and F( 1, 59) = 17.40,
MSE = 4.24, p < .0001, η p2 = .23, for the interaction. A similar interaction was reported also
by Koriat et al. (2006). It was interpreted in terms of Kahneman's (1973) proposal that the
effort invested in a task is constrained by task difficulty: People cannot try as hard in a
relatively easy task as they do when the task becomes more demanding3.
We turn next to examination of JOLs and recall in Phase 2 (Figure 7, Panel B). JOLs
were higher (64.7) for 5-point items than for 1-point items (56.6), t(59) = 4.76, p < .0001, d =
0.61. Recall also increased with increasing incentive: It was higher for 5-point items (60.0%)
than for 1-point items (49.0%), t(59) = 3.83, p < .0005, d = 0.49. JOLs were also sensitive to
data-driven regulation: They were higher for short-ST items (65.6) than for long-ST items
(55.8), t(59) = 6.17, p < .0001, d = 0.80. The ST-JOL correlation averaged -.39 for 5-point
items, t(59) = 8.11, p < .0001 d = 1.05, and -.16 for 1-point items, t(59) = 3.64, p < .001, d =
0.47. Recall was also higher for short-ST items (60.9%) than for long-ST items (48.1%), t(59)
= 3.62, p < .001, d = 0.47. The JOL-recall gamma correlation averaged .40, t(59) = 5.30, p <
.0001, d = 0.74, for 5-point items, and .44 for 1-point items, t(59) = 5.77, p < .0001, d = 0.81.
A comparison of the results of Phase 2 with those of Phase 1 confirmed that the effects
of incentive as well as the effects of ST were significantly stronger for Phase 2 than for Phase
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1. A three-way ANOVA, Phase (1 vs. 2) X Incentive (1 vs. 5 points) X ST (long vs. short) for
JOLs yielded F(1, 59) = 10.62, MSE = 112.13, p < .005, η p2 = .15, for the Phase X Incentive
interaction, and F(1, 59) = 6.82, MSE = 130.21, p < .05, η p2 = .10, for the Phase X ST
interaction. These interactions suggest that the partitioning procedure increased the effects of
both goal-driven and data-driven variations on JOLs relative to Phase 1. A similar three-way
ANOVA on recall yielded a near-significant Phase X Incentive interaction, F(1, 59) = 3.94,
MSE = 573.86, p < .06, η p2 = .06, and a significant Phase X ST interaction, F(1, 59) = 4.56,
MSE = 667.16, p < .05, η p2 = .07.
In sum, the interactions with Phase that were obtained for both JOL and recall suggest
that in comparison to Phase 1, the partitioning procedure used in Phase 2 was successful in
producing sensitivity to goal-driven variation, and strengthening sensitivity to data-driven
variation.
Phase 3 (post-training). We turn finally to the results of Phase 3 (Figure 7, Panel C),
examining whether the effects of the partitioning procedure in Phase 2 transferred to the
typical regulation of ST when the incentive associated with each item is indicated at the
beginning of a study trial, as was done in all the previous experiments, as well as in Phase 1
of the present experiment.
We consider first goal-driven regulation. The children invested more ST in 5-point
items (9.8 s) than in 1-point items (7.1 s), t(59) = 4.91, p < .0001, d = 0.63, similar to what
was found in Phase 1. The respective means for JOLs, however, were 62.1 and 60.3, t(59) =
1.35, p = .18, d = 0.17. Recall was 60.9% for 5-point items and 56.2% for 1-point items, t(59)
= 1.45, p = .15, d = 0.19.
With regard to data-driven regulation, JOLs were higher for short ST items (65.6) than
for long-ST items (56.8), t(59) = 5.07, p < .0001, d = 0.65. The JOL-ST correlation
averaged -.30 for 5-point items, t(59) = 6.58, p < .0001, d = 0.85, and -.21 for 1-point items,
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t(59) = 4.72, p < .0001, d = 0.61. Recall was also higher for short-ST items (63.9%) than for
long-ST items (53.2%), t(59) = 3.72, p < .0005, d = 0.48. The JOL-recall gamma correlation
averaged .54, t(49) = 7.91, p < .0001, d = 1.12 for 5-point items and .51 for 1-point items,
t(49) = 7.79, p < .0001, d = 1.10.
A 3-way ANOVA on JOLs that included phase as a factor (1 vs. 3) yielded F < 1 for the
Phase X Incentive interaction, indicating that the effects of incentive that were brought to the
fore by the partitioning procedure in Phase 2 did not transfer to Phase 3. In contrast, the Phase
X ST interaction was significant, F(1, 59) = 4.47, MSE = 136.96, p < .05, η p2 = .07,
suggesting that the effects of the partitioning procedure did subsist as far as data-driven
regulation is concerned.
Note that in previous studies, the ST-JOL correlation was found to increase with
repeated presentations of the same list (Koriat, 1997; Koriat & Bjork, 2006a, 2006b; Koriat et
al., 2006). This increase, however, was not obtained when different lists were used across
study-test blocks (Koriat, 1997; Koriat & Bjork, 2006b). So perhaps the improvement in
sensitivity from Phase 1 to Phase 3 should be taken seriously.
One final observation concerns the discrepancy between JOL and recall. In all previous
experiments as well as in Phase 1 of the present study, JOLs were generally higher than recall
among 5-6th-graders. It is interesting that in Phase 2 as well as in Phase 3, JOLs are at about
the same level as recall, as was found to be the case for 9th-graders. It is difficult to know,
however, whether the change in calibration observed between Phase 1 and Phases 2 and 3 is
also a result of the partitioning procedure used in Phase 2.
In conclusion, the results of Experiment 5 are consistent with the partitioning hypothesis
of the metacognitive deficiency that prevents 5-6th-graders from responding to both datadriven and goal-driven variation within the same task. According to this hypothesis, although
the children are relatively successful in regulating ST according to both data-driven and goal-
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driven effects, they fail to separate the two sources when it comes to metacognitive
judgments. Indeed, the partitioning procedure used in the training phase brought to the fore
the opposite effects of the two types of variation. However, the training procedure had only a
limited transfer to the task used in Phase 3.
General Discussion
The MC and CM models discussed by Koriat et al. (2006; see Koriat, 2006) have
conflicting implications for metacognitive judgments. On the one hand, there is evidence that
metacognitive monitoring drives metacognitive control (Koriat & Goldsmith, 1996; Metcalfe
& Finn, 2008; Thiede et al., 2003), consistent with the MC model. Also, studies of learning
and memory have repeatedly indicated that memory performance increases with the amount
of experimentally-allocated ST (e.g., Zacks, 1969). Not surprisingly, learners, even 4-year old
children (O'Sullivan, 1993), hold the belief that increased effort yields better recall. At the
same time, there is evidence that under self-regulated learning, more study time, and more
trials to acquisition, are associated with poorer memory performance (Koriat, 2008; Koriat et
al., 2006, 2009a, 2009b). The conceptual framework proposed by Koriat et al. (2006)
attempted to reconcile between these two observations in terms of the distinction between
goal-driven and data-driven regulation in self-paced learning. It was argued that both types of
regulation may occur within the same task, which should present a challenge to learners'
monitoring of their degree of mastery of each item. Adult learners exhibited sensitivity to
both data-driven and goal-driven variations within the same situation, providing JOLs that
mirrored the opposite effects of the two types of variation on recall.
The distinction between data-driven and goal-driven regulation bears some similarity to
the distinction between reactive control and effortful control (see Derryberry & Rothbart,
1997; Eisenberg & Morris, 2002), which has figured prominently in developmental studies of
emotional self-regulation (Baumeister & Vohs, 2004). Reactive control involves responding
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to external influences such as the narrowing of attention that occurs when facing a threatening
situation. Effortful (or proactive) control, in contrast, involves the ability to initiate or inhibit
action voluntarily in a planful way. Similarly, data-driven regulation involves an adjustment
of study effort to the encoding requirements of an item in a bottom-up fashion. Goal-driven
regulation, in contrast, is more effortful and deliberate, possibly requiring a greater degree of
top-down executive control.
The assumption that in self-paced learning ST is typically data-driven implies a CM
model in which JOLs are based on the feedback from memorizing effort. This assumption
predicts a negative JOL-ST correlation, but it should be stressed that that correlation is also
consistent with theories in which JOLs are assumed to drive ST (MC model). One version of
such theories is that learners judge the difficulty of each item in advance of learning and
regulate ST so as to compensate for differences in a-priori item difficulty (Nelson &
Leonesio, 1988). A more dynamic version is postulated by the discrepancy-reduction model
(Dunlosky & Hertzog, 1998): Learners continue to monitor the increase in encoding strength
of an item as more study time is invested, and cease when a pre-set level has been reached.
Normatively difficult items are assumed to require more study time to reach the same pre-set
level than easier items.
We agree that both ST regulation and JOLs may be mediated by reliance on naïve
theories about the effects of various item properties on recall (see Mueller et al., in press;
Koriat, 1997). However, we argue that the allocation of ST to a given item in self-paced
learning is typically data-driven, determined on line by the ease with which each learner
manages to encode that particular item. Although items tend to differ reliably across learners
in the ease with which they are committed to memory, JOLs mirror the specific idiosyncratic
experience that a learner gains from studying an item. Indeed, in Koriat (1997) interparticipant agreement in the JOLs associated with each item was found to decrease with
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repeated experience studying the same list. In addition, with repeated experience the JOLrecall correlation increased with repeated presentations while the correlation between JOLs
and judged item difficulty gradually decreased. Other studies yielded a negative ST-JOL
correlation for lists that consist only of unrelated paired-associates (Koriat, 2008; Koriat et al.,
2009a). As we note bellow, the marked differences observed in the JOL results between
Experiment 1 and Experiment 2 also weakens the argument that JOLs are based directly on
judged item difficulty.
Assuming the distinction between data-driven and goal-driven regulation proposed by
Koriat et al. (2006), the co-occurrence of both types of regulation within the same task should
pose a challenge for the metacognitive monitoring of one's own learning. The observation of
both a positive and a negative ST-JOL relationship was taken to suggests the operation of a
delicate attribution process (Koriat & Nussinson, 2009). In this process, enhanced study effort
is attributed to different degrees to data-driven and goal-driven variations, and metacognitive
judgments either decrease or increase depending on that attribution. Our intention in this
study was to trace the development of the ability underlying this attribution and to obtain
some insight into its determinants and dynamics. We focused on children aged 10-12 years
for whom previous studies (Koriat et al., 2009a, 2009b) had suggested that their JOLs are
already sensitive to data-driven variation. We asked whether these children's JOLs also
exhibit sensitivity to goal-driven variation, and whether they also evidence, at the same time,
sensitivity to data-driven variation. Let us first examine the pattern of results obtained for
children at this age group before considering the metacognitive development that occurs later
on.
Data-Driven and Goal-Driven Monitoring and Regulation in Primary School Children
The results of Experiments 1-3 provided a rather coherent picture. The children's
metacognitive judgments exhibited sensitivity to both data-driven and goal-driven regulation
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but not in the same task. With regard to data-driven regulation, an inverse ST-JOL
relationship was observed in Experiment 2 and Experiment 3 (Phase 1), as well as in the
constant-incentive condition of Experiment 3 (Phase 2). This relationship accords with the
CM model of data-driven regulation.
With regard to goal-driven regulation, in both Experiment 1 and Experiment 3 (Phase
2), the 5-6th-graders allocated different amounts of ST to different items in accordance with
the incentive awarded for recall. Furthermore, there was a tendency for recall to increase with
increasing ST, suggesting that children were somewhat successful in achieving differential
memory performance for items that differed in their incentives (see Hanten et al., 2007).
Importantly, JOLs also increased with increasing ST, consistent with the MC model.
Most significant, however, is the observation that in none of the first three experiments
did children exhibit both a negative and a positive ST-JOL relationship within the same task.
Whereas Experiment 1 yielded evidence for metacognitive sensitivity to goal-driven variation
in ST but not to data-driven variation, Experiment 2 indicated the opposite pattern.
Experiment 3, in turn, which attempted to induce a more balanced sensitivity to both types of
variation, yielded only sensitivity to data-driven variation. The results of Phase 2 of that
experiment clearly confirmed that the same children exhibit sensitivity to either of the two
types of variation when the salience of the variation along the other dimension was reduced.
Taken together, the results suggest that children at the age of 10-12 are not capable of
considering simultaneously the implications of data-driven and goal-driven variation. For
example, introducing differential incentives into focus in Experiment 2 seemed to enhance
sensitivity to goal-driven variation while impeding sensitivity to data-driven variation. It
should be stressed that the inability to respond to both types of variation is not due to a
general inability to consider the effects of two variables simultaneously. Wellman et al.
(1981), for example, who had participants predict recall under hypothetical situations that
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varied in both number of items presented and degree of applied effort, found that even
kindergarteners were able to take account of both variables in their predictions. Rather, the
difficulty encountered by the children in this study seems to derive from the contrasting
implications for JOLs of data-driven and goal-driven variation. As indicated earlier (see also
Koriat et al., 2006), the pattern of results exhibited by college students implies a delicate
factoring of ST variation between two potential sources and the derivation of an overall
metacognitive judgment on the basis of that factoring. Presumably, the mechanism underlying
children's metacognitive judgments is not sophisticated enough to allow this type of factoring
and attribution. Let us examine these developmental changes more closely.
The Development of Data-Driven and Goal-Driven Regulation and of Their Impact on
Metacognitive Judgments
A comparison of the results for the three age groups – 5-6th-graders, 9th-graders, and
college students –indicates an age-related increase in the ability to respond to both data-driven
and goal-driven variation within the same task. We should note, however, that there were
signs in our results for the burgeoning of this ability even among the youngest group. In
Experiment 1, in which the dominant effects on JOLs were those of goal-driven regulation,
there was also a trend indicating higher JOLs for short-ST items than for long-ST items. In
parallel, Experiment 2 and Experiment 3 (Phase 1), which yielded significant effects on JOLs
only for data-driven variation, also indicated a trend suggesting longer STs and higher JOLs
for 5-point items than for 1-point items. Nevertheless, the overall sensitivity to both datadriven and goal-driven variation clearly increased with age. This is suggested by the sum of
the effect sizes for data-driven and goal-driven regulation to JOLs (Table 1) and by the
amount of variance in JOLs that is accounted for by both types of variation. In comparison to
9th-graders (age 14-15), the 5-6th-graders (age 10-12) exhibited a deficiency in the ability to
respond simultaneously to data-driven and goal-driven variation. Experiment 5 helped relate
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this deficiency to the inability to partition the ST variation between its two hypothesized
sources. ST regulation under the partitioning procedure (Figure 7, panel B) revealed the
expected pattern of ST increasing with both item relatedness and incentive. In parallel, both
JOLs and recall yielded an adult-like pattern, decreasing with data-driven variation and
increasing with goal-driven variation.
The findings on the whole point to developmental changes in monitoring that occur well
beyond the primary school years, unlike what is implied by previous findings (Roebers et al.,
2007). In fact, the results obtained for primary school children underscore the impressive,
non-trivial achievement demonstrated even by 9th-graders. First, the 9th-graders' regulation of
ST was tuned to both data-driven and goal-driven regulation. Second, their JOLs were tuned
differentially to differences in ST according to their source. Finally, the differential sensitivity
of JOLs was successful in mirroring faithfully the pattern obtained for actual recall (Figure 6).
Results reported by Koriat and Ma'ayan (2005) suggested that JOLs are based on the
flexible and adaptive utilization of different mnemonic cues -- encoding fluency and retrieval
fluency -- according to their relative validity in predicting memory performance. In the
present study, however, we showed that this is true even when the same cue (ST, study effort)
has contrasting cue validities depending on it source.
A question of interest is whether the partitioning procedure we used with the younger
children simulates the process underlying the metacognitive regulation and monitoring that
was exhibited by 9th-graders and college students. The partitioning procedure entailed a
temporal spacing of the data-driven and goal-driven contributions to ST. It is unclear how the
younger children took advantage of that spacing to separate between the two types of
contribution. One possibility is that they first applied a memorizing effort heuristic to reach a
tentative JOL prior to the announcement of the incentive associated with the item. They then
updated that JOLs to take into account the extra effort invested in a goal-driven manner in
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response to the incentive announced. Indeed, the results from Phase 2 of Experiment 3
indicated that 5-6th graders are able to respond to both data-driven variation and goal-driven
variation when variation along the other dimension is minimized. Thus, in the partitioning
condition of Experiment 5, children could presumably consider each source of variation in
turn, but they had also to combine the implications of the two variations in order to reach an
overall JOL.
This analysis implies that children's behavior in Experiment 5 can be described in terms
of a sequence in which the CM model is followed by the MC model. The first phase entails a
bottom-up process in which ST is dictated by the item-learner interaction. The second phase,
in contrast, involves greater executive control: More effort is invested until a desired overall
JOL is reached that fits the announced incentive. In this second phase, the data-driven effort
already invested in the first phase must be taken into account, and indeed when the incentive
was low, children tended simply to move to the next item.
Assuming that this analysis captures the process underlying children's behavior in the
partitioning condition, does it also describe the behavior of the older children and adults when
the incentive is announced at the beginning of a trial? In principle, participants could "put
aside" the incentive value, and consider it only when the data-driven regulation ends. We
suspect, however, that participants cannot suspend consideration of the incentive until a later
stage. Clearly more research is needed to clarify the details of the process underlying older
participants' metacognitive monitoring when data-driven and goal-driven variations must be
taken into account in tandem.
The Pliability of Metacognitive Monitoring and Regulation
Experiment 1 and Experiment 2 differed only in how the related and unrelated pairs
were distributed across the two blocks of the experiment. Experiment 1 put an emphasis on
goal-driven variation by slating the related and unrelated pairs to different blocks and
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manipulating incentives within blocks, whereas Experiment 2 emphasized data-driven
variation by manipulating item relatedness within blocks. Yet, the patterns of JOL effects
differed markedly between the two experiments, with the former yielding sensitivity only to
goal-driven variation and the latter evidencing sensitivity only to data-driven variation. This
difference testifies for the remarkable pliability of metacognitive judgments. JOLs are not
only relative and comparative in nature (Koriat, 1997), but are highly sensitive to the local
context in which they are made. The adaptability of metacognitive judgments to the context of
learning has been emphasized by Osman and Stavy (2006). They proposed that the more an
item differs from other stimuli in the task, the more salient this difference becomes, and the
salient feature may then be used by people, even by children, in their reasoning process.
It is interesting to note the parallels between metacognitive regulation and
metacognitive monitoring. In Experiment 1, learners' allocation of ST was more tuned to
goal-driven variation, and in parallel JOLs were also more sensitive to goal-driven variation.
In contrast, in Experiment 2, STs were more tuned to data-driven variation, and JOLs were
also more sensitive to that variation. This pattern suggests that JOLs tend to be responsive to
the major dimension of ST variation.
The results just discussed also illustrate how minor procedural variations in the context
of learning can produce dissociations between metacognitive monitoring and memory
performance. In both Experiment 1 and Experiment 2, recall performance evidenced strong
effects of data-driven variation: The difference between mean recall for short ST and long ST
amounted to 13.75 in Experiment 1, and 8.13 in Experiment 2. In contrast, the results for
JOLs differed markedly between the two experiments: The respective difference in JOLs
between short ST and long ST was 1.68 in Experiment 1, but 9.20 in Experiment 2.
Experiment 3 also yielded similar data-driven effects on recall (a 13.12 difference between
short ST and long ST) but a more moderate effect on JOLs (a 6.16 difference). Thus,
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procedural changes can produce differences in JOLs that are not mirrored by recall
performance. Such dissociations highlight the conditions in which the results for JOLs mirror
faithfully the pattern observed for recall, as demonstrated by 9th-grader (Figure 6).
Back to William James
We conclude this article by coming back to the meta-theoretical issue raised by William
James (1884) regarding the cause-and-effect relation between emotional experience and
behavior (see Koriat et al., 2006). As noted earlier, the MC model, which is the dominant
model in metacognition (see Koriat & Goldsmith, 1996; Metcalfe & Finn, 2008; Nelson &
Narens, 1990; Son & Schwartz, 2002) is consistent with the view that subjective feelings
drive behavior, whereas the CM model is consistent with the view that subjective feelings are
based on the feedback from one’s own behavior (Kelley & Jacoby, 1998; Niedenthal, 2007;
Strack & Deutsch, 2004). Koriat et al. (2006) took their results to imply that the two models
are not mutually exclusive and that metacognitive feelings (e.g., JOLs, subjective confidence)
can drive control operations (e.g., ST allocation, response latency) but they can also be based
on the feedback from control operations.
The results obtained in the present study for primary school children suggest that
children behave as if the two models are indeed mutually exclusive, because they show
evidence either for one model or for the other depending on the situation. Of course, the
observation that they do exhibit evidence consistent with both models, albeit each in a
different condition, argues for the importance of considering both models in analyzing young
children's metacognitive processes. However, the results observed for 9th-graders reinforce
the importance of considering both models, because they yielded evidence for both models
within the same situation. It should be noted that the two models can also occur successively,
with monitoring being based on the feedback from control operations (CM) but that
monitoring can then drive a new control operation (MC). Results reported by Koriat and
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Ackerman (2010) for confidence judgments suggest that this kind of concatenated CM-MC
chain can be demonstrated even by primary school children. As noted earlier, even the
partitioning condition of Experiment 5 may have involved CM-MC sequence.
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Footnotes
1

In Experiment 5 of Koriat et al. (2006) recall did not increase with incentive, but the

results of unpublished experiments have generally yielded such increase (see also Figure 6
below).
2

Note that in calculating the within-person JOL-recall or ST-recall correlations some

participants had to be removed because they exhibited 100% recall in one of the incentive
conditions. The effective number of participants in each case can be inferred from the
reported degrees of freedom.
3

A similar ANOVAs for the previous experiments indicated a significant or near-

significant Incentive X Relatedness interaction in Experiment 1, F(1, 39) = 10.53, MSE =
7.85, p < .005, η p2 = .21; in Experiment 3 (phase 1), F(1, 39) = 3.37, MSE = 4.47, p < .08, η p2
= .08, and in Experiment 4, F(1, 19) = 3.67, MSE = 4.32, p < .08, η p2 = .17. The interaction
was not significant in Experiment 2, F(1, 39) = 1.12, MSE = 14.43, p = .30,
was in the same direction as in the previous experiments.

= .03, but it
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Table1. Mean correlations and effect sizes for the three age groups

ST-JOL

Incentive-JOL

Effect size

Age Group

Low
incentive

High
incentive

Related
pairs

Unrelated
pairs

Goaldriven

5-6th -graders

-.10*a

-.11*a

.03a

.12*a

.13a

.56*a

.68*a

9th-graders

-.30***b

-.39***b

.13a

.24*a

.62***b

.89**ab

1.51***b

Undergraduates

-.45***b

-.56***b

.12a

.31***a

.40**ab

1.49***b 1.90***b

* <= .05; **<= .001; *** < .0001 for the difference from zero
The letters a and b indicate significant group differences by Scheffe post-hoc test.

Datadriven

Goal-driven
+ Data-driven
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Figure Captions
Figure 1.

Mean judgment of learning (JOL) for young adults for 1-point and 3-point items
as a function of mean study time invested in these items (broken line) in the first
presentation. Plotted also are JOL for below-median and above-median study time
for each incentive level (full lines; adapted from Figure 11; Koriat et al., 2006).

Figure 2.

Mean judgment of learning (JOL) for 5-6th-graders for below-median and abovemedian study time for each incentive level. Panel A – Related and unrelated items
in separated blocks, each block contained low and high incentive items
(Experiment 1); Panel B – Low and high incentive items in separated blocks, each
block contained related and unrelated pairs (Experiment 2).

Figure 3.

Mean judgment of learning (JOL) plotted separately for Experiment 1 and
Experiment 2 as a function of the mean study time for each incentive level (panel
A), and for below-median and above-median study times (panel B).

Figure 4. Mean judgment of learning (JOL, full lines) and recall (broken lines) for 5-6thgraders for below-median and above-median study time for each incentive level.
Plotted also (dotted lines) are mean JOL and recall as a function of mean study
time for each incentive level (Experiment 3, Phase 1).
Figure 5. Mean judgment of learning (JOL, full lines) and recall (broken lines) for 5-6thgraders for below-median and above-median study time for the constant-incentive
group (panel A) and for each level of the differential-incentive group (panel B).
Plotted also in this panel (dotted lines) are the means of JOL and recall as a
function of mean study time for each incentive level (Experiment 3, Phase 2).
Figure 6. Mean judgment of learning (JOL, full lines) and recall (broken lines) for 9thgraders for below-median and above-median study time for each incentive level.
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Plotted also (dotted lines) are mean JOL and recall as a function of mean study
time for each incentive level (Experiment 4).
Figure 7. Mean judgment of learning (JOL) for 5-6th-graders for below-median and abovemedian study time for each incentive level (Experiment 5). Panel A – pre-training
phase; panel B – training phase; panel C - post-training phase.
Figure 8. The ST allocation in Phase 2 of Experiment partitioned according to initial (datadriven) and added (goal-driven) effects in Experiment 5 as a function of item
Relatedness (related vs. unrelated pairs) and incentive (1 vs. 5 points).
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