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Long-term benefits of seeding the
knowledge base
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Exposure to numerical examples (seed facts) produced a substantial long-term reduction in domain-
specific innumeracy. In particular, learning the populations of 24 seed countries improved accuracy
of estimates of the populations of 75 untrained countries, both at the time of learning and 4 months
later. Consistent with abstraction-based theories of learning and memmory, the benefits of having been
exposed to the seed facts were as large 4 months after the exposure as immediately after it, despite
the specific populations of the seed countries having been forgotten during the interval.

Numbers often describe central properties of objects,
events, experiences, and entities. Without knowledge of
when events occurred, what distances separate cities and
countries, and how many people live in various coun-
tries, deep understanding of history, geography and cur-
rent events is impossible. Despite the importance of
quantitative information in many real-world and scholas-
tic domains, people are not particularly good at remem-
bering numerical facts or at accurately inferring the val-
ues of quantities not stored in memory (Nickerson, 1981;
Paulos, 1990; Ravitch & Finn, 1987). In this article, we
investigate a method, seeding the knowledge base, that
has considerable potential for reducing such domain-
specific innumeracy (Brown & Siegler, 1993).

The seeding procedure is a simple one. Subjects are
first presented with a set of items and asked to estimate
the value of a particular quantitative property (e.g., a
country’s population). Next, they are exposed to the cor-
rect values for a subset of these items. Finally, a second
set of estimates is collected. The effectiveness of the pro-
cedure is evaluated by comparing estimation accuracy
for transfer (i.e., “nonseed”) items across the two tests.
The procedure has proved useful for improving estimates
of national populations and land areas, city-to-city dis-
tances, and latitudes and longitudes of geographic enti-
ties (Brown & Siegler, 1993, 1996).

These findings raise interesting practical and theoret-
ical issues. On a practical level, it is important to know
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whether the benefits produced by the seeding procedure
are long lasting. If they are, it should be possible to im-
prove quantitative understanding in many substantive
areas by teaching students a relatively small set of well-
chosen numerical examples.

On a theoretical level, the interest lies in distinguish-
ing between two explanations for the seeding effects: an
anchoring explanation and a feedback/induction expla-
nation. The anchoring explanation suggests that seeding
improves estimation by providing specific numerical ref-
erence points. In contrast, the feedback/induction expla-
nation suggests that the procedure works because seed
facts allow subjects to evaluate and adjust their knowl-
edge of the statistical properties of the relevant quantita-
tive dimension.

In the present study, we adopted a longitudinal ap-
proach to addressing these practical and theoretical is-
sues. During an initial session, subjects estimated the
population of 99 countries. Next, they learned the actual
populations of 24 of the countries. They then again esti-
mated populations of all 99 countries. Four months later,
subjects returned to the laboratory and produced a third
set of estimates for all 99 countries.

This design allowed us to observe both immediate and
long-term effects of the seeding procedure. If seeding pro-
duces a long-term change in subjects’ understanding of
the populations, then follow-up estimates for transfer
countries should be more accurate than pretest estimates.
We were also able to track knowledge of seed facts over
time and to assess the relation between subjects’ memory
for these facts and the accuracy of their transfer estimates.
These data were of particular interest, because the an-
choring explanation implies that memory for seed facts
should be closely related to performance on transfer items,
whereas the feedback/induction explanation does not.

The anchoring position is based on the view that real-
world estimates are often generated by recalling poten-

Copyright 1996 Psychonomic Society, Inc.



386 BROWN AND SIEGLER

tially relevant facts and using them to draw plausible in-
ferences (Collins & Michalski, 1989). People often re-
construct dates for personal events (e.g., Burt, 1992;
Thompson, 1982) and public ones (e.g., Brown, 1990;
Friedman & Wilkins, 1985). Estimates for other real-
world quantities also may be reconstructed. For exam-
ple, a person estimating the population of Poland might
recall that France has a population of about 60 million,
that Romania has a population of about 20 million, and
that Poland’s population is in between that of France and
Romania, and infer from these facts that Poland’s popu-
lation is between 20 million and 60 million. As this ex-
ample illustrates, more than one fact or inference will
often be necessary to generate an estimate. As a result,
estimates should improve when people have access to
many numerical facts. From this perspective, the seeding
procedure works because it increases the number and
availability of potentially relevant quantitative facts, thus
allowing subjects to generate more and better quantita-
tive inferences. Conversely, reduced access to these facts
should produce a corresponding decrease in estimation ac-
curacy. Thus, the anchoring position implies that if sub-
jects forget seed facts over the 4-month retention inter-
val, follow-up transfer estimates should be less accurate
than estimates made immediately after the facts were
learned.

The feedback/induction position de-emphasizes stor-
age and retrieval of specific numerical examples. In-
stead, it assumes that metric beliefs (i.e., knowledge of
the statistical properties of the target dimension—e.g.,
mean, range, variance, distributional form, etc.) are crit-
ical in real-world estimation (Brown & Siegler, 1993).
In this view, people first estimate the relative size of the
entity in question and then select a value from the corre-
sponding portion of distribution of quantitative values
(e.g., “Poland has a medium sized population. Midsize
countries have populations of about 40 million. There-
fore, Poland has a population of about 40 million.”).
From this perspective, the seeding procedure is effective
because seed facts provide both feedback on the accu-
racy of relevant metric beliefs and a basis for revising
these beliefs when they are mistaken.

Within this feedback/induction position, after people
update their task-relevant metric beliefs, they no longer
need to remember the seed facts. As a result, memory for
seed facts should be unrelated to accuracy of transfer es-
timates. Thus, the feedback/induction position predicts
that posttest and follow-up transfer estimates should be
equally accurate, even if the seed facts are forgotten over
the 4-month interval.

Although the present study was primarily designed to
address issues concerning the seeding procedures, its
implications can be cast in broader terms. The anchoring
and feedback/induction positions map onto two very dif-
ferent approaches to learning and memory. Like instance-
based learning theories, the anchoring position assumes
that specific instances are stored in memory and that these
instances are later retrieved and used to guide higher level
cognitive processes (e.g., Hintzman, 1986; Jacoby &

Brooks, 1984; Logan, 1988; Medin & Schaffer, 1978,
Ross, 1984). In contrast, the feedback/induction position,
with its emphasis on the creation, storage, and application
of general knowledge, resembles abstraction-based or
prototype theories (e.g., Posner & Keele, 1970; Rosch,
1975; Smith & Medin, 1981). Seen from this perspective,
the present research can help determine whether an in-
stance-based approach is sufficient to account for the ef-
fect of numerical examples on real-world estimation, or
whether it is necessary to propose that people also form
abstract quantitative beliefs and use them in the estima-
tion process.

METHOD

Materials and Procedure

Data were collected during two sessions, 4 months apart. In the
initial session, four tasks were presented. First, the subjects pro-
vided knowledge ratings for 99 countries, using a 0 (no knowledge)
to 9 (a great deal of knowledge) scale. Second, they estimated each
country’s current population. Third, they learned the actual popu-
lations of 24 seed countries. During the learning phase, the sub-
jects studied and were tested on each seed country’s population
four times. Finally, the subjects provided a second set of estimates
for all 99 countries (including the 24 seed countries). In the follow-
up sessions, the subjects again estimated the populations of all 99
countries. Country names always were presented one at a time, in
a unique random order, at the center of a computer-controlled
video display; all responses were typed at the computer’s keyboard.

The 99 test countries represented all but one of the countries
that had populations of at least 4 million in 1989 (Information
Please Almanac, 1989). The one exception was the United States,
whose population was given to the subjects as an example before
the first estimation task. Data collected in prior experiments were
used to select the seed set. This set was constructed so that there
were 6 countries in each of the four cells created by crossing coun-
try knowledge (high vs. low) and estimation accuracy (high vs.
low). See Brown and Siegler (1993) for further details.

Subjects

Twenty-five Carnegie Mellon undergraduates were given course
credit for participating in the first session, which was conducted in
December 1989. Four months later (April 1990), all subjects were
contacted by telephone and offered $5 to participate in an unspeci-
fied psychology experiment. Twenty of the original 25 participated.

Results

Two measures of estimation accuracy are reported
below. One of these, order of magnitude error (OME),
was computed for each response according to the follow-
ing formula:

OME = |log,y(estimate value/actual value)|.

OME converts estimation errors to a percentage of an
order of magnitude. It was used because the stimulus scale
spans several orders of magnitude, and, as a result, a
given response could be orders of magnitude too large or
too small. Therefore, it seemed appropriate to treat order
of magnitude as the relevant unit of measurement (Brown
& Siegler, 1992; Nickerson, 1981).

For each of the 20 returning subjects and each estima-
tion task (pretest, posttest, and follow-up), separate means
were computed for the 24 seed-country OME and the 75



BENEFITS OF SEEDING THE KNOWLEDGE BASE

transfer-country OME, yielding 6 means per subject. For
each subject, a rank-order correlation between estimated
and actual population was also computed for both seed
and transfer countries, for each estimation task. These
correlations provided an index of the subjects’ knowledge
of relative country size.

Mean OMEs and (r-to-z transformed) rank-order cor-
relations were submitted to separate 2 (country type~
seed vs. transfer) X 3 (test—pretest vs. posttest vs. follow-
up) analyses of variance. The country type X test inter-
action was highly significant for both OMEs [F(2,38) =
82.17, MS_. = 0.019], and r-to-z transformed correlations
[F(2,38) =44.95, MS, = 0.089], as were the main effects
of country type and test (p < .0001, in all cases). OME
means and the (back-transformed) mean rank-order cor-
relations are presented in Figure 1. Least significant dif-
ferences tests (p < .01) were used to test differences be-
tween the means.

The interactions illustrated in Figure 1A indicate that
the seeding procedure produced long-term improve-
ments in estimation accuracy for the transfer countries,
despite memory for the seed facts fading over the 4-
month retention interval. The OME means for the trans-
fer estimates provide a justification for the former claim
(see Figure 1A). Follow-up estimates for transfer coun-
tries were 37% more accurate than pretest estimates for
them (OMEs of .42 vs .65). Of particular interest, the
posttest and the follow-up OMEs (.42 and .41) were al-
most identical. The pretest mean differed significantly
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from both the posttest and the follow-up means, which
did not differ from one another.

Although the seeding procedure strongly influenced
absolute accuracy, as measured by transfer OME, it did
not affect relative accuracy, as measured by the transfer
correlations (Figure 1B). This is consistent with the no-
tion that population estimation involves independent met-
ric and mapping components (Brown & Siegler, 1993)
and indicates that learning the current seed set affected
only the former.

Changes over time in both the OMEs and rank-order
correlations indicate that the subjects learned the seed facts
during the learning session but forgot them over the reten-
tion interval. In both cases, the posttest estimates were far
more accurate than either the pretest estimates (evidence
for learning) or the follow-up estimates (evidence for for-
getting). Mean posttest OME for the seed countries (.08)
reflected significantly more accurate estimates than either
the pretest (.56) or follow-up (.34). Similarly, the mean
posttest correlation (.88) was significantly larger than ei-
ther the mean pretest (.34) or follow-up (.47) correlation.

As with the transfer countries, the difference between
pretest and follow-up OMEs for the seed countries was
significant, and the difference between pretest and follow-
up correlations was not. Moreover, although both mea-
sures indicate that immediate posttest estimates for seed
countries were significantly more accurate than imme-
diate posttest estimates for transfer countries, estimates
for seed countries were not reliably better than estimates
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Figure 1. Mean order of magnitude error (A) and mean (back-transformed) rank-order cor-
relation between estimated and actual population (B) computed over responses to seed and trans-
fer counties, for the pretest, posttest, and 4-month follow-up test.
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for transfer countries during the follow-up task. Thus,
on the posttest, the subjects appear to have generated
populations for the seed countries by recalling the facts
they had just studied. In contrast, for the transfer coun-
tries on both the posttest and follow-up and for the seed
countries on the follow-up, their estimates appear to
have been based on mapping their perception of each
country’s relative size onto the distribution of population
values abstracted from the seed facts.

CONCLUSION

The present results indicate that benefits of seeding the knowledge
base are long lasting. For transfer countries, estimates collected 4
months after exposure to seed facts were no less accurate than esti-
mates produced immediately after the seeding procedure, and both
were far more accurate than pretest estimates. This strengthens our be-
lief that seeding provides a simple, effective method to remedy domain-
specific innumeracy.

We also found that the subjects tended to forget the seed facts dur-
ing the 4-month retention interval, but that this did not affect their abil-
ity to provide accurate estimates for the transfer countries. These results
are consistent with the feedback/induction position and incompatible
with the anchoring position. It seems that the subjects used seed facts
to evaluate and adjust their metric beliefs about national populations.
These updated beliefs appear to have been maintained as part of the
subject’s knowledge and to have played an important role in determin-
ing the magnitude of the follow-up estimates.

Above, we suggested that the anchoring interpretation is related to
instance-based theories of learning and memory and that the feedback/
induction position has much in common with theories that emphasize
abstraction and generalization. To the extent that these comparisons are
valid, the present research suggests that longitudinal designs—ones
that allow time for specific memories to fade—may be useful in dis-
tinguishing between instance-based and abstraction-based models. In
general, instance-based models predict a direct relation between memory
for instances and transfer performance, whereas abstraction-based po-
sitions do not. Thus, tracking instance memory and transfer perfor-
mance across a reasonably long retention interval provides a way of
discriminating between the alternatives (also see Brooks, Norman, &
Allen, 1991).

In addition to highlighting the potential value of longitudinal de-
signs for distinguishing between competing learning theories, the pre-
sent findings support the notion that generalization plays an important
role in memory and learning, at least in part because general knowl-
edge is more resistant to forgetting than is specific knowledge. Cer-
tainly, a (well-rehearsed, richly elaborated) generalization summarizing
information implicit in a set of examples should be more accessible
than the individual examples that gave rise to it. This should be partic-
ularly true in situations such as the present one, where relevant exam-
ples are rarely encountered and/or imperfectly learned. Thus, we are
not arguing that specific information does not exist in memory nor that
specifics play no role in real-world estimation—clearly, both claims
are too strong. Nonetheless, it does seem that a close, persisting rela-
tion between instance memory and transfer performance should be

demonstrated before one accepts an instance-based explanation or re-
jects an abstraction-based one.
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