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ABSTRACT
 

This article presents three experiments that ex-
amine the relation between order effects and fre-
quency learning, with the following results.
First, when frequencies of occurrence are pre-
sented as sequences of real events, base rates
can be learned and used with a high degree of
accuracy. However, conditional probabilities for
multiple sequentially presented evidence items
cannot be completely learned, due to the distor-
tion of a recency order effect for actual deci-
sions. Second, there is also a recency order ef-
fect for belief evaluations, which cannot be
eliminated even if base rates are used correctly.
Third, base rates learned in one environment can
be transferred to another environment, but the
transfer soon diminishes due to learning in the
new environment. However, belief evaluations
are not transferred from one to another envi-
ronment. The existing models of frequency
learning cannot explain the order effect for ac-
tual decisions because they do not consider se-
quential information. The existing models of be-
lief updating can explain both types of order ef-
fects, but they do not have any mechanisms for
frequency learning. To account for the complete
spectrum of frequency learning and order ef-
fects, we outline our initial effort in developing a
unified model that integrates frequency learning
and order effects.

Belief updating and frequency learning are two ubiq-
uitous phenomena. Suppose that a disease R can be
diagnosed by test A and test B. When a physician
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knows the result of test A, the physician’s belief of
disease R is at certain level.  When the physician sub-
sequently gets the result of test B, the physician’s
previous belief of disease R based on test A will be
updated.  This is the phenomenon of belief updating,
that is, the updating of belief values for sequentially
presented information items.  Let us further suppose
that the results of test A and test B are associated
with disease R with certain frequencies.  With many
diagnoses of disease R based on test A and test B, the
physician may acquire some knowledge about these
frequencies.  This is the phenomenon of frequency
learning. Although belief updating and frequency
learning often coexist in many tasks, as in the diag-
nosis task just described, their studies are usually
separated.

For belief updating, a number of studies indi-
cate that the order in which evidence items are pre-
sented can affect the strength of a person's belief in
hypothesized causes. For example, the physician’s
final belief value of disease R after receiving the test
results in A-B order might be different from the final
belief value after receiving the same test results in B-
A order. This is called the order effect, which is a
very robust effect in belief updating tasks (for a re-
view, see Hogarth and Einhorn, 1992). Different ex-
periments have found that order of evidence items
can produce a recency effect, a primacy effect, or no
effect. A recency effect is that the final belief value is
mainly determined by the last evidence item in the
sequence, a primacy effect is that the final belief
value is mainly determined by the initial evidence
item in the sequence, and no-effect means that the
final belief evaluation is independent of the order of
evidence items. Hogarth and Einhorn (1992) pro-
posed an anchoring and adjustment model of belief
updating that predicts when these effects will occur
based on whether evidence is encoded in evaluation
or estimation mode and whether the belief updating
process is step-by-step or end-of-sequence. In
evaluation tasks, people encode each evidence item
as positive (confirms) or negative (disconfirms) rela-
tive to a hypothesis, whereas in estimation tasks,
people assess a moving average that reflects the po-
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sition of each new evidence item relative to the cur-
rent hypothesis.  The step-by-step process requires
subjects to express their beliefs after integrating each
evidence item in a given sequence, whereas the end-
of-sequence process requires subjects to report their
beliefs only after all evidence items have been pre-
sented.  As an example of predications, the anchoring
and adjustment model predicts that step-by-step
evaluation of beliefs for mixed positive and negative
evidence items produces a recency effect, whereas
step-by-step evaluation of beliefs for consistent evi-
dence items (all positive or all negative) produces no
effect. For the disease example, if we assume that the
diagnosis is a step-by-step evaluation task and that
test A is positive and test B is negative, then the phy-
sician’s conclusion will be biased by the evidence
presented last (a recency effect).  The physician
might conclude that disease R does not exist if posi-
tive test A is presented first and negative test B is
presented second. If the test order is reversed, the
physician might conclude that R is present.

The frequency literature is mostly concerned
with the learning and use of frequency information.
When frequencies of occurrence are presented in
terms of probabilities or percentages, they are very
difficult to use, often resulting in various biases such
as the base rate fallacy, conjunction fallacy, repre-
sentativeness heuristic, overconfidence, and so forth
(e.g., Bar-Hillel, 1980; Casscells, Schoenberger, &
Graboys, 1978; Lyon & Slovic, 1976; Kahneman,
Slovic & Tversky, 1982). However, when frequen-
cies of occurrence are presented in frequency for-
mats, the rate of using them correctly can be dramati-
cally increased (e.g., Cosmides & Tooby, 1996;
Gigerenzer & Hoffrage, 1995). Studies of frequency
learning show that when frequencies are presented in
terms of sequences of real events and occurrences
(sometimes called natural sampling, see Kleiter,
1994), they can often be learned automatically and
used with a high degree of accuracy (e.g., Carroll &
Siegler, 1977; Christensen-Szalanski, & Beach, 1982;
Christensen-Szalanski, & Bushyhead, 1981; Manis,
Dovalina, Avis, & Cardoze, 1980; for a review, see
Hasher & Zacks, 1984). As a result of using se-
quences of real events to present frequency informa-
tion, many of the biases disappear. For example, the
base-rate fallacy, which is the neglect of base rate
information, was even exhibited by trained physi-
cians when base rate information was presented in
terms of probabilities in pencil-and-paper problems
(Casscells, Schoenberger, & Graboys, 1978).  But
when base rate information was obtained from expe-
rience in terms of learning from sequences of real
events, the base-rate fallacy disappeared (Christen-
sen-Szalanski, & Bushyhead, 1981).

Due to the lack of studies that jointly consider
frequency learning and belief updating, models of
frequency learning cannot account for frequency
learning for sequentially presented information items,
and models of belief updating cannot account for
belief updating that involves frequency learning.
Since many frequency learning tasks involve belief
updating for temporal sequences of information, as in
the diagnosis task described above, it is important to
study the relation between frequency learning and
belief updating. For example, it is important to know
whether frequency learning and belief updating are
independent processes.  It would also be interesting
to see whether the order effect, which is a robust rea-
soning bias, would disappear when frequencies of
occurrence are acquired accurately from sequences of
real events.

The objective of this article is to examine the
relation between belief updating and frequency
learning in a common task environment. Specifically,
we design three experiments to study the relation
between the order effect and the learning of base
rates and conditional probabilities. Experiment 1 ex-
amines whether base rates and conditional probabili-
ties can be acquired automatically and correctly from
sequences of real events and whether there is an order
effect during and after frequency learning. Experi-
ment 2 examines the same issues of Experiment 1
with different, non-neutral base rates.  Experiment 3
examines whether the frequency information learned
from one environment can be transferred to a new
environment and whether the belief evaluations in
one environment can be transferred to a new envi-
ronment. Based on the experimental results, we will
evaluate the existing models of frequency learning
and belief updating and outline a preliminary model
that integrates frequency learning and belief updat-
ing.

EXPERIMENT 1
The experimental task was implemented in the CIC
(Combat Information Center) simulator developed by
Towne (1995) for the US Navy. Figure 1 shows an
oversimplified schematic drawing of a portion of the
CIC display. It shows an unknown airplane, called a
contact, heading towards the Navy ship that is at the
center of the radar display. The captain of the ship
can check whether the contact is on or off a commer-
cial air route by clicking the route button to display
all available routes. The routes are immediately
available after clicking the route button. The captain
can also send a radio verbal warning (MAD 1, or
Military Air Distress Level 1) to request the contact
to identify itself by clicking the warning button. The
contact may or may not respond to the warning. In
the three experiments reported here, when it responds
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to the warning, it always identifies itself as a com-
mercial airplane. If there is a response, it comes back
about 30 seconds after the warning is issued. The
contact can be either friendly or hostile. The task is to
use the information about the air route and the infor-
mation about the identity (ID) obtained from the ra-
dio warning to identify whether the contact is
friendly or hostile. The constraint of the task is that
the two evidence items (route and ID) can only be
obtained sequentially, one at a time. The order can be
either route followed by ID or ID followed by route.

This experiment examines three issues. The
first is about frequency learning. In a given geopoliti-
cal environment, there are certain base rates for
friendly and hostile contacts and conditional prob-
abilities of friendliness or hostility given the two evi-
dence items. Previous studies on frequency learning
show that base rates and conditional probabilities can
be learned automatically with a high degree of accu-
racy when the evidence items are presented in paral-
lel (e.g., Gluck & Bower, 1988, 1990; Shanks, 1990a,
1990b; for a review, see Hasher & Zacks, 1984). The
current experiment examines whether base rates and
conditional probabilities can be learned accurately for
sequentially presented evidence items. The second
issue is the order effect for actual decisions during
frequency learning.  Because the evidence items are
presented sequentially, the order of presentation may
affect how the decisions are made.  This is a phe-
nomenon that has not been previously studied. The
third issue is the order effect for belief evaluations.
Previous studies show that when frequency informa-
tion is accurately and automatically learned in real
events, certain biases such as the base rate fallacy can
be eliminated. The current experiment examines how
the acquired base rates and conditional probabilities
affect the order effect (a special type of bias) for be-
lief evaluations after frequency learning.
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Figure 1. Simplified radar display on the CIC simu-
lator. See text for details.

Table 1. Probability Distributions
of Learning Trials in the Experiments

Exp 1 Exp 2 & 3
Total # of
Contacts

50 75 75

Base Rates F:H =
1:1

F:H =
2:1

F:H =
1:2

Given p(R+|F) 0.80 0.80 0.80
Information p(R+|H) 0.20 0.20 0.20

p(ID+|F) 0.80 0.80 0.80
p(ID+|H) 0.20 0.20 0.20
p(F|R+) 0.80 0.89 0.67
p(F|R-) 0.20 0.33 0.11
p(F|ID+) 0.80 0.89 0.67

Calculated p(F|ID-) 0.20 0.33 0.11
from p(F|R+ID+

)
0.94 0.97 0.89

Bayes Rule p(F|R-ID-) 0.06 0.11 0.03
p(F|R+ID-) 0.50 0.67 0.33
p(F|R-ID+) 0.50 0.67 0.33

* F = Friendly, H = Hostile

Method
Subjects. The subjects were 40 undergraduate

students in introductory psychology courses at The
Ohio State University who participated in the ex-
periment for course credit.

Design & Procedure. There were two inde-
pendent evidence items: Route and ID. Route indi-
cates whether the contact is on or off a commercial
air route. ID indicates whether there is any response
from the unknown contact to a radio warning issued
from the ship. The two evidence items were pre-
sented in two different orders: Route-ID in which
Route information was collected first, followed by ID
information, and ID-Route in which ID information
was collected first, followed by Route information.
After having collected both evidence items, subjects
made a forced-choice decision indicating whether the
unknown contact was friendly or hostile. After each
decision, subjects were given feedback indicating
whether the decision was correct or incorrect. Each
trial lasted for about one minute.  Each subject per-
formed 50 trials for a total of 50 contacts in a differ-
ent random order. For half of the 40 subjects, the two
evidence items were always presented in the Route-
ID order for all 50 trials; for the other half, in the ID-
Route order for all 50 trials. The 50 trials for each
subject constituted the learning phase for the acquisi-
tion of frequency information. It took about one hour
to finish the 50 trials. Among the 50 contacts in the
50 trials, 25 were friendly and 25 were hostile, that is,
the base rate is F:H = 1:1 (F = Friendly, H = Hostile).
The conditional probabilities were designed as fol-
lows. If a contact was friendly, there was an 80%
chance that it was on a commercial air route and an
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80% chance that it gave a positive  (commercial) ID;
and if a contact was hostile, there was a 20% chance
that it was on a commercial air route and 20% chance
that it gave a positive ID. From these values, the con-
ditional probabilities of friendliness and hostility for
a given set of evidence items were calculated from
Bayes rule, as shown in Table 1. The following are
two examples of the calculations.

( ) ( ) ( )
( ) ( ) ( ) ( ) 80.0

20.050.080.050.0
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||

|
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×+×
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+=+
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After 50 learning trials, each subject was given
a written questionnaire requesting belief evaluations
about the hostility and friendliness of an unknown
contact after the presentation of a baseline fact and
each of the two evidence items. The written ques-
tionnaire constituted the evaluation phase for belief
evaluations. In the questionnaire, Route was always
negative (the plane was not on a commercial route)
and ID was always positive (the plane indicated that
it was a commercial plane). For half of the 20 sub-
jects receiving each of the two learning orders
(Route-ID and ID-Route), the evaluation order of the
evidence items was Route-ID; and for the other half,
the evaluation order was ID-Route. Thus, this ex-
periment was a 2×2 between-subject design with 10
subjects in each of the four conditions, with the two
learning orders as one factor and the two evaluation
orders as another factor. As an example, the ques-
tionnaire for the Route-ID evaluation order is as fol-
lows.

1. You see a plane which is getting closer to your ship. On
a scale from 0 to 100 (with 0 being total disbelief and
100 total belief) please rate your belief in the following
hypotheses:

1. How likely do you think the plane is hostile?
2. How likely do you think the plane is friendly?

2. After consulting commercial air routes, you discover that
the plane is not on a commercial air route. Given this
new information, please answer the following questions.
Again, express your answer on a scale of 0 to 100 with 0
being total disbelief and 100 being total belief.

1. How likely do you think the plane is friendly?
2. How likely do you think the plane is hostile?

3. When you asked the plane to identify itself, the plane
identifies itself as a commercial airplane. Given this new
information, please answer the following questions.
Again, express your answer on a scale of 0 to 100 with 0
being total disbelief and 100 being total belief.

1. How likely do you think the plane is friendly?
2. How likely do you think the plane is hostile?

Results
Frequency Learning. The decisions for the 50

trials by each subject were transformed into observed
base rates and conditional probabilities of friendli-
ness given a set of evidence items, which were then
averaged across the 20 subjects for the Route-ID
learning order and across the 20 subjects for the ID-
Route learning order. The results are shown in Figure
2 under the labels Route-ID and ID-Route. Note that
the base rates and conditional probabilities calculated
from the 50 trials are not the values after subjects had
finished learning. Instead, they are the values that
included the initial trials at the beginning stage of the
learning.  Thus, they may not reflect the true values
that subjects had learned. The reason we did not di-
vide the 50 trials into an early learning set and a late
learning set and then calculate conditional probabili-
ties separately is because 50 trials are the minimum
set of trials that could generate the given frequency
distribution.

For both the Route-ID and ID-Route learning
orders, the observed base rates were not significantly
different from the normative value (t(19) = 0.782, p =
0.44, and t(19) = 0.424, p = 0.68, respectively).  They
did not differ from each other, either (t(19) = 0.238, p
= 0.81).

The observed conditional probabilities from
the experiment were compared with their corre-
sponding normative values, which were calculated
from the frequency values given in the experimental
design by Bayes rule (see Table 1). For the Route-ID
learning order, p(F|ID+), p(F|ID-), and p(F|R-ID-)
were significantly different from the normative val-
ues (smallest |t(19)| = 2.82, p < 0.05); the other five
conditional probabilities were not significantly dif-
ferent from the normative values (largest |t(19)| = 2.0,
p > 0.05). For the ID-Route learning order, p(F|ID+),
p(F|ID-), p(F|R-ID-), p(F|R+ID-), and p(F|R-ID+)
were significantly different from their normative val-
ues (smallest |t(19)| = 2.26, p < 0.05); the other three
conditional probabilities were not significantly dif-
ferent from the normative values (largest |t(19)| =
1.31, p = 0.20). These results indicate four findings.
First, even if the calculations were based on the 50
trials that included the initial imperfect trials, subjects
correctly learned some of the conditional probabili-
ties.  Second, subjects learned more for the Route-ID
order than for the ID-Route order. Third, p(F|ID+)
was smaller than its normative value but p(F|R+) was
not different from its normative value, indicating that
ID might be a less objective evidence item than
Route. This might be because Route was always ob-
jectively observed from the radar display whereas ID
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was obtained from possibly deceptive radio commu-
nication. Fourth, p(F|ID-) was larger than its norma-
tive value but p(F|R-) was not different from its nor-
mative value, indicating that a negative ID suggested
less hostility than a negative Route. This might be
because a negative ID is subject to multiple interpre-
tations, such as a friendly contact with malfunctioned
radio or with a functional radio which is not turned
on, or a friendly contact whose pilot did not hear the
message or did not understand the language. Al-
though a negative Route is also subject to multiple

interpretations, such as a commercial airplane that
went off course, it seems that subjects did not con-
sider these alternative interpretations as very likely.
The incorrect learning of the probabilities that devi-
ated from their normative values might be due to the
subjectivity of a positive ID and the multiple inter-
pretations of a negative ID. It is also likely that the
deviations were simply a reflection of the imperfect
learning for the initial trials, which were included in
the calculations of these probabilities.
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Figure 2. The observed and normative base rates and conditional probabilities for the two learning orders in Ex-
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The conditional probabilities from the two dif-
ferent learning orders were also compared with each
other. The only significant difference was p(F|R-ID+)
(F(1, 38) = 4.52, p < 0.05). This is clearly a recency
order effect for mixed positive and negative evidence
items: p(F|R-ID+) for the Route-ID order was larger
than p(F|R-ID+) for the ID-Route order because the
last evidence item in the Route-ID order was positive
(ID+) whereas that in the ID-Route order was nega-
tive (R-). A similar order effect was also observed for
p(F|R+ID-) although the difference between the two
learning orders was not statistically significant (F(1,
38) = 0.707, p = 0.41). Figure 3 explicitly shows this
result.  This result is an indication that subjects
showed an order effect for actual decisions during
frequency learning. The insignificant differences
between the two learning orders for p(F|R+ID+) and
for p(F|R-ID-) suggest that the order effect for actual
decisions did not appear for consistent (all positive or
all negative) evidence items.

Belief Evaluation. The results of belief
evaluations after the learning phase are shown in
Figure 4. There was a clear order effect: when the
two evidence items (positive ID, negative Route)
were presented in different temporal orders, the final
friendliness evaluations of the unknown contact were
different. An ANOVA for the final evaluations of
friendliness was conducted for the two learning or-
ders and two evaluation orders. The interaction be-
tween learning order and evaluation order was not
significant (F(1, 38) = 0.53, p = 0.47). The main ef-
fect of learning order was significant (F(1, 38) =
4.32, p < 0.05), indicating that the learning order
Route-ID produced more hostile evaluations than the
learning order ID-Route. The main effect of evalua-
tion order was also significant (F(1, 38) = 13.41, p <

0.001): the evaluation order Route-ID produced a
more friendly final evaluation than the evaluation
order ID-Route, indicating an order effect for evalua-
tions.  This order effect is a recency effect: the final
evaluation of friendliness was determined by the last
evidence item. For the Route-ID evaluation order, the
last evidence item, ID, was positive, producing a
more friendly evaluation. In contrast, for the ID-
Route evaluation order, the last evidence, Route, was
negative, producing a more hostile evaluation.

To test how well subjects used the base rate in-
formation that they acquired during frequency learn-
ing, subjects' evaluations at the base level for the two
learning orders were compared with the normative
evaluation value at the base level, which is 50.  There
were no significant differences between subjects'
evaluations and the normative value for either learn-
ing order (largest |t(19)| = 2.03, p > 0.05). This indi-
cates that subjects appeared to have used the base rate
correctly.

The effect of learning order on evaluations
was also analyzed as a mixed design for each evalua-
tion order with the two learning orders as the be-
tween-subject factor and the three evaluations (base,
datum1, and datum2) within each evaluation order as
the within-subject factor. For the Route-ID evaluation
order, the interaction between learning orders and
evaluations was not significant (F(2, 36) = 0.333, p =
0.72).  The main effect of learning order was margin-
ally significant (F(1, 18) = 2.94, p = 0.10), indicating
that the learning order Route-ID produced slightly
more hostile evaluations. The main effect of individ-
ual evaluations was significant (F(2, 36) = 6.59, p <
0.005), indicating that belief values changed when
new evidence items became available. For the ID-
Route  evaluation order,  the  results  were  the  same.
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The interaction was not significant (F(2, 36) = 1.30, p
= 0.28).  The main effect of learning order was sig-
nificant (F(1, 18) = 10.95, p < 0.005), again indicat-
ing that the learning order Route-ID produced more
hostile evaluations than the learning order ID-Route.
The main effect of evaluations was also significant
(F(2, 36) = 35.33, p < 0.001), again indicating that
belief values changed when new evidence items be-
came available.

Discussion
This experiment generated the following re-

sults. First, subjects showed a recency order effect for
actual decisions during frequency learning for mixed
positive and negative evidence items, which has not
been reported previously.  The decision task in the
learning phase of the current experiment appeared to
be an end-of-sequence task in which subjects made a
decision after having observed both evidence items.
If it was indeed an end-of-sequence task, then it can
not be explained by Hogarth and Einhorn’s (1992)
anchoring and adjustment model, which would pre-
dict that for an end-of-sequence evaluation task with
mixed evidence items, the order effect should be a
primacy effect.  However, if we assume that subjects
behaved in a step-by-step manner with an implicit
belief evaluation after each evidence item was pre-
sented, the recency order effect is exactly what Ho-
garth & Einhorn’s model predicts. This assumption
of implicit belief evaluations was likely to be true
because the 30 second interval between the first and
second evidence items in each learning trial was long
enough for subjects to do some belief evaluations.

Second, when subjects acquired frequency in-
formation from sequences of real events, they accu-
rately acquired the base rates. In addition, subjects
also correctly used the base rate information they
learned for belief evaluations. However, the correct
learning and use of base rate information in this ex-
periment might be merely an apparent phenomenon
because the 50% base rates for both friendly and
hostile contacts would be expected even if subjects
ignored base rates. Experiment 2 was designed to test
this possibility.

Third, the recency order effect for mixed evi-
dence items for actual decisions has important impli-
cations for the study of frequency learning. For ex-
ample, p(F|R-ID+) for the Route-ID learning order
was larger than p(F|R-ID+) for the ID-Route learning
order even if they should have the same normative
value. This is a recency effect because the last evi-
dence item in the Route-ID order was positive (ID+)
whereas that in the ID-Route order was negative (R-).
Due to this order effect, the conditional probabilities
for sequentially presented multiple evidence items
can not be completely learned. For this reason, any

models of frequency learning, if they are proposed to
account for the full spectrum of frequency learning
phenomena, should consider the temporal order in
which evidence items are presented. The Rescorla-
Wagner model (Rescorla & Wagner, 1972; see also
Gluck & Bower, 1988; Shanks, 1990b), one of the
well-known models that predicts accurate acquisition
of frequency information, completely ignores the
temporal sequence of information. It should be modi-
fied to take into account temporal information.

Fourth, subjects showed a recency order effect
for step-by-step belief evaluations on mixed positive
and negative evidence items after frequency learning.
This is the order effect directly predicted from Ho-
garth and Einhorn's (1992) anchoring and adjustment
model. Since subjects correctly learned and used the
base rate in this case, it suggests that the correct
learning and use of base rate information could not
eliminate the order effect.

EXPERIMENT 2
Subjects correctly learned and used the base rate in-
formation in Experiment 1. However, it might be
merely an apparent phenomenon because the 50%
base rates for both friendly and hostile contacts
would be expected even if subjects ignored base
rates. Experiment 2 was designed to test whether
subjects could indeed correctly learn and use base
rate information. There were two base rate condi-
tions: F1-H2 in which the ratio of friendly and hostile
contacts is 1:2 and F2-H1 in which the ratio is 2:1. If
subjects could indeed learn base rates correctly, then
they should learn these two non-neutral base rates
because if they ignore base rates, their performance
should reflect the 50% neutral base rate.

Method
Subjects.  The subjects were 40 undergraduate

students in introductory psychology courses at The
Ohio State University who participated in the ex-
periment for course credit.

Design & Procedure. The procedure was
identical to that in Experiment 1.  The design was
similar to that in Experiment 1 except that the base
rates were different and Route-ID was the only
learning order.  Each subject performed 75 trials for a
total of 75 contacts in a different random order.  For
half of the 40 subjects, the contacts were friendly in
50 trials and hostile in 25 trials, that is, the base rate
was F:H = 2:1 (the F2-H1 condition). For the other
half, the base rate was reversed, which was F:H = 1:2
(the F1-H2 condition).   The conditional probabilities
of hostility and friendliness for a given set of evi-
dence items are shown in Table 1.   The two evidence
items, Route and ID, were independent. The 75 trials
for each subject constituted the learning phase for the



8

acquisition of frequency information. After 75 trials,
subjects were given the same written questionnaires
as in Experiment 1 for belief evaluations.  For half of
the 20 subjects receiving each of the two different
base rates, the evaluation order was Route-ID.  For
the other half, the order was ID-Route.  Thus, this
experiment was a 2x2 between-subject design with
10 subjects in each condition, with the two base rates
as one factor and the two evaluation orders as the
other factor.

Results
Frequency Learning. Similar to Experiment

1, the responses of the 75 trials by each subject were
transformed into observed base rates and conditional
probabilities, which were then averaged across the 20
subjects in each base rate condition. The results are
shown Figure 5.

The observed base rate for the F2-H1 condi-
tion (62%) was significantly smaller than its norma-
tive value 67% (t(19) = -2.47, p = 0.02) but larger
than the chance value 50% (t(19) = 6.65, p < 0.001).
In contrast, the observed base rate for the F1-H2 con-
dition (39%) was significantly larger than the corre-
sponding normative value 33% (t(19) = 2.57, p =
0.02) but smaller than the chance value 50% (t(19) =
-5.33, p < 0.001).  This result indicates that subjects
acquired the base rates in the correct direction but did
not acquire the numeric values perfectly. This might
be because the calculations of the observed base rates

included the initial learning trials that might not be
perfect.

The observed conditional probabilities from
the experiment were compared with their corre-
sponding normative values calculated from Bayes
rule. For the F2-H1 base rate condition, p(F|ID+),
p(F|R+ID+), and p(F|R-ID+) were all significantly
smaller than their corresponding normative values
(smallest |t(19)| = 4.036, p < 0.05); the other five
conditional probabilities were not significantly dif-
ferent from their corresponding normative values
(largest |t(19)| = 0.023, p = 0.98).  For the F1-H2 base
rate condition, p(F|ID-), p(F|R-ID-), and p(F|R+ID-)
were all significantly larger than their corresponding
normative values (smallest |t(19)| = 3.406, p < 0.05);
the other five conditional probabilities were not sig-
nificantly different from their corresponding norma-
tive values (largest |t(19)| = 0.073, p = 0.94). These
results indicate two findings.  First, subjects correctly
learned most of the conditional probabilities, even if
the base rates were not 50% vs. 50% for friendly and
hostile contacts. Second, once again, ID was a less
reliable evidence item than Route.  In a friendlier
environment (F2-H1 condition), ID+ was a less pow-
erful positive evidence item: the conditional prob-
abilities involving ID+ were all smaller than their
normative values.  In a more hostile environment
(F1-H2 condition), ID- was a less powerful negative
evidence item: the conditional probabilities involving
ID- were all larger than their normative values.
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Figure 5. Observed and normative base rates and conditional Probabilities for the two base rate conditions.
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Belief Evaluation.  The results of belief
evaluations after the learning phase are shown in
Figure 6.  There was a clear order effect: when the
two evidence items (positive ID, negative Route)
were presented in different temporal orders, the final
friendliness evaluations of the unknown contact were
different.  An ANOVA for the final evaluations of
friendliness was conducted for the two base rates and
the two evaluation orders.  The interaction was not
significant (F(1, 36) = 0.0625, p = 0.80). The main
effect of base rates was significant (F(1,36)=4.416,
p<0.05), indicating that subjects in the F2-H1 base
rate condition gave higher friendly evaluations than
those in the F1-H2 base rate condition. This implies
that subjects learned and used the base rate informa-
tion in the correct direction. The main effect of
evaluation orders was also significant (F(1,36) =
4.461, p < 0.05): the evaluation order Route-ID pro-
duced higher friendly evaluations than the ID-Route
order. Since ID is always positive and Route is al-
ways negative, this order effect was a recency effect:
the last evidence item has a greater impact on the
final evaluations.

To test the effect of base rates on evaluations,
an ANOVA was also conducted for each evaluation
order with the two base rates (F1-H2 and F2-H1) as
the between-subject factor and the three evaluations
(base, datum1, and datum2) within each evaluation
order as the within-subject factor. For the Route-ID
evaluation order, the interaction was not significant
(F(2, 36) = 0.582, p = 0.55).  The main effect of base
rates was significant (F(1, 18) = 7.70, p = 0.01), indi-
cating that a higher base rate of friendly contacts pro-
duced more friendly evaluations. The main effect of
individual evaluations was also significant (F(2, 36)

= 8.69, p < 0.001), indicating that belief values
changed when new evidence items became available.
For the ID-Route evaluation order, the results were
the same.  The interaction was not significant (F(2,
36) = 0.229, p = 0.80).  The main effect of base rates
was significant (F(1, 18) = 13.63, p = 0.002), again
indicating that a higher base rate of friendly contacts
produced more friendly evaluations. The main effect
of evaluations was also significant (F(2, 36) = 4.83, p
= 0.01), again indicating that belief values changed
when new evidence items became available.

To further test how well subjects used the base
rate information, subjects' evaluations at the base
level for the two base rate conditions were compared
with the normative evaluation values at the base level
(67 and 33 for F2-H1 and F1-H2, respectively).
There were no significant differences between sub-
jects' evaluations and the normative values for either
condition (largest |t(19)| = 1.23, p = 0.25). This sug-
gests that that subjects appeared to have used the base
rates perfectly.

Discussion
This experiment showed the following results.

First, although subjects did not learn the base rates
perfectly during actual decisions, they did learn them
in the correct direction. This indicates that subjects
were sensitive to base rates: they did not neglect
them. Subjects also correctly acquired most of the
conditional probabilities.  The ones they did not cor-
rectly acquire were those that depended on ID, which
might have distorted the learning because it was a
less reliable evidence item. Second, once again, after
frequency learning, subjects showed a recency order
effect for step-by-step belief evaluation of mixed
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evidence items, as predicted by Hogarth and Ein-
horn's (1992) model.  Third, the base rates learned by
subjects during frequency acquisition were correctly
used in belief evaluations, with higher friendly
evaluations for the F2-H1 condition and lower
friendly evaluations for the F1-H2 condition.  In ad-
dition, it appeared that subjects' use of base informa-
tion in belief evaluations after learning was nearly
perfect: the observed and normative values of
evaluations at the base level did not differ. However,
the correct use of base rates did not eliminate the
order effect for belief evaluations, indicating that the
learning and use of base rates did not interact with
the order effects of evaluations.

EXPERIMENT 3
Experiments 1 and 2 showed that subjects learned the
base rates with a high degree of accuracy and used
the base rates nearly perfectly. Experiment 3 was
designed to examine (a) whether the base rates
learned in one environment could be transferred to a
new environment, and (b) whether the belief evalua-
tions in one base rate condition could be transferred
to a new environment.

Method
Subjects.  The subjects were 24 undergraduate

students in introductory psychology courses at The
Ohio State University who participated in the ex-
periment for course credit.

Design & Procedure. The design and proce-
dure were similar to those in Experiments 1 and 2,
except for the following changes.  For all the trials in
the learning phase, the two evidence items were al-
ways presented in Route-ID order. Each subject per-
formed 150 trials in two stages, which took about two
hours to finish. In the first stage, all 24 subjects per-
formed 75 trials with a different random order for
each subject with base rate F:H=2:1. This is the
learning phase of the first stage. Then the subjects
were given the same questionnaire for the R-ID+
evaluation order as used in Experiments 1 and 2.
This is the evaluation phase of the first stage.

In the second stage, all 24 subjects performed
another set of 75 trials with a different random order
for each subject with base rate F:H=1:2, still in the
Route-ID learning order.  This is the learning phase
of the second stage.  Then, half of the 24 subjects
were given the questionnaire in R-ID+ order and the
other half the questionnaire in ID+R- order. This is
the evaluation phase of the second stage.

Results
The analyses were focused on the second stage

of the experiment, since the purpose of the first stage

was to provide the context for the transfer at the sec-
ond stage.  In fact, the first stage is identical to the
F2-H1 condition of Experiment 2.  The second stage
had the same base rate as the F1-H2 condition of Ex-
periment 2, but the former was preceded by the
learning of the F2-H1 base rate information whereas
the latter was not preceded by the learning of any
base rate information. Thus, if there is any transfer
effect, it can be revealed by comparing the second
stage of the current experiment with the F1-H2 con-
dition of Experiment 2.

Base Rate Learning. The results of base rate
learning are shown in Figure 7. The solid circles rep-
resent the data of the current experiment and the open
circles represent the data of Experiment 2. The base
rate learned at the end of the first stage was compared
with the base rate learned at the end of the F2-H1
condition of Experiment 2 (shown by the leftmost
data points labeled by F2-H1 on the x-axis). There
was no significant difference (t(42) = 0.16, p = 0.87),
indicating that the first stage of the current experi-
ment replicated the result of the F2-H1 condition of
Experiment 2. In addition, similar to the F2-H1 con-
dition of Experiment 2, the base rate for the first
stage (60%) was significantly smaller than the nor-
mative value 67% (t(23) = -4.19, p < 0.001 ) but
larger than the chance value 50% (t(23) = 6.66, p <
0.001). This indicates that subjects acquired the base
rates in the correct direction but did not acquire the
numeric values perfectly.

In order to examine the transfer effect, the
base rates for the second stage were calculated cu-
mulatively for initial trials 1-5, 1-10, 1-20, 1-30, and
1-75 and for last trials 71-75, 66-75, 56-75, and 46-
75. These cumulative base rates were compared with
the corresponding cumulative base rates for the non-
transfer F1-H2 condition of Experiment 2. The dif-
ference was significant for 1-5, 1-20, 1-30, and 1-75
(smallest |t(42)| = 2.09, p < 0.05) and marginally sig-
nificant for 1-10 (t(42) = 1.87, p = 0.07), but it was
not significant for 71-75, 66-75, 56-75, and 46-75
(largest |t(42)| = 0.32, p = 0.75). These results indi-
cate that the base rate information learned in the F2-
H1 environment in the current experiment was trans-
ferred to the F1-H2 environment, resulting in more
friendly base rates for the initial trials.  When sub-
jects performed more and more trials for the new F1-
H2 environment, the transfer effect became weaker
and weaker and eventually diminished at the end of
the 75 trials. Thus, base rate information could be
transferred from one environment to another envi-
ronment, but the transfer effect would be soon over-
come by the learning of the base rate information of
the new environment.
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Belief Evaluation. The results of belief
evaluations are shown in Figure 8. The solid circles

and squares represent the data of the current experi-
ment and the open circles and squares represent the
data of Experiment 2.

The left panel of Figure 8 shows the evalua-
tions for the R-ID+ evaluation order of the first stage
of the current experiment and the evaluations for the
corresponding R-ID+ evaluation order of the F2-H1
condition in Experiment 2. A two-way ANOVA for
the two experiments and the three evaluations (base,
datum1, and datum2) showed that the difference be-
tween experiments was not significant (F(1,20) =
0.007, p = 0.94), nor was the interaction between
experiments and evaluations (F(2,40) = 0.19, p =
0.83). This suggests that the result of Experiment 2
was replicated by the current experiment. In addition,
similar to Experiment 2, the base level evaluation
value in the current experiment was not significantly
different from its normative value (t(11) = 0.42, p =
0.68), suggesting that the base rate was used cor-
rectly.

The right panel of Figure 8 shows the evalua-
tions for the second stage of the current experiment
and the corresponding evaluations for the non-
transfer F1-H2 condition of Experiment 2. For the R-
ID+ evaluation order, a two-way ANOVA for the two
experiments and the three evaluations showed that
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the difference between experiments was not signifi-
cant (F(1, 20) = 0.007, p = 0.94), nor was the interac-
tion between experiments and evaluations (F(2, 40) =
0.19, p = 0.83). For the ID+R- evaluation order,
similarly, the difference between experiments was
not significant (F(1, 20) = 0.17, p = 0.68), nor was
the interaction between experiments and evaluations
(F(2, 40) = 0.25, p = 0.78). Because the second stage
of the current experiment was the transfer condition
and the F1-H2 condition of Experiment 2 was the
non-transfer condition, the insignificant difference
between them suggests that the belief evaluations for
the first stage with F2-H1 base rate were not trans-
ferred to the second stage with F1-H2 base rate. The
order effect for the evaluations in the second stage
was in the direction of a recency effect. However, it
was not significant: the final evaluation of the R-ID+
evaluation order was not significantly different from
the final evaluation of the ID+R- evaluation order
(t(22) = -1.40, p = 0.18). The base level evaluations
for the two evaluation orders in the second stage were
not significantly different from the normative values
(t(11) = 0.087, p = 0.93 for the R-ID+ order and t(11)
= -0.077, p = 0.94 for the ID+R- order), suggesting
that the base rate was used correctly.

Discussion
This experiment showed the following results.

First, the base rate learned in one environment was
transferred to another environment, but the transfer
effect was soon overcome by the learning of the base
rate in the new environment. Thus, with sufficient
training, the base rate in a new environment could be
eventually correctly learned. Second, belief evalua-
tions carried out for one base rate environment were
not transferred to a new base rate environment. This
result is not surprising because belief evaluations for
both environments were performed after the learning
was complete. Once the learning was complete, the
knowledge of the old environment was completely
overridden by the knowledge of the new environ-
ment. Third, the first stage of the current experiment
was identical to one of the conditions in Experiment
2. The insignificant difference between them indi-
cates a good replication of experimental findings.

GENERAL DISCUSSION
Studies of the order effect are usually separated from
studies of frequency learning and use. Since many
frequency learning tasks involve multiple sequen-
tially presented information items for each learning
trial, it is important to consider the joint implications
of these two research areas. The present study ex-
plored the relation between order effects and fre-
quency learning in a realistic tactical decision making
task, with three major findings.

The first finding is about frequency learning.
When frequencies of occurrence are presented in
terms of sequences of real events, base rates can be
learned and used with a high degree of accuracy. This
result converges with similar findings in early studies
(Carroll & Siegler, 1977; Christensen-Szalanski, &
Beach, 1982; Christensen-Szalanski, & Bushyhead,
1981; Manis, Dovalina, Avis, & Cardoze, 1980; for a
review, see Hasher & Zacks, 1984). However, not all
frequency information can be correctly learned and
used, even when frequencies of occurrence are pre-
sented in terms of sequences of real events. Condi-
tional probabilities for multiple sequentially pre-
sented evidence items cannot be completely learned,
due to the distortion of an order effect for actual deci-
sions. For example, p(F|R-ID+) learned for the
Route-ID learning order was larger than p(F|R-ID+)
learned for the ID-Route learning order even if they
should have the same normative value. This is a re-
cency effect because the last evidence item in the
Route-ID order was positive (ID+) whereas that in
the ID-Route order was negative (R-). Because this
order effect is a bias that distorts the normative val-
ues of conditional probabilities, it prevents the cor-
rect learning of the conditional probabilities. This
order effect for actual decisions has not been reported
previously. The Rescorla-Wagner model (Rescorla &
Wagner, 1972; see also Gluck & Bower, 1988;
Shanks, 1990b), one of the well-known models of
frequency learning, predicts accurate acquisition of
frequency information for multiple evidence items
that are presented in parallel. It cannot account for
the inaccurate acquisition of frequency information
for multiple sequentially presented evidence items
found in our present study. This is because the Res-
corla-Wagner model completely ignores the temporal
sequence of information. Thus, in order to account
for the full spectrum of frequency learning, models of
frequency learning such as the Rescorla-Wagner
model should be modified to take into account tem-
poral information. Hogarth & Einhorn’s (1992) an-
choring and adjustment model, one of the well-
known models of belief updating, can explain the
recency order effect for actual decisions found in our
present study with an extra assumption that subjects
behaved in a step-by-step manner with implicit belief
evaluations.  However, the anchoring and adjustment
model does not have any mechanisms for frequency
learning.  Thus, it cannot explain the learning be-
havior in our experimental tasks.

The second finding is a recency order effect
for belief evaluations after frequency learning. This
order effect for belief evaluations is a result directly
predicted from Hogarth and Einhorn's anchoring and
adjustment model. Many biases in decision making,
such as the conjunction fallacy, overconfidence, rep-
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resentative heuristics, and so forth, would disappear
with the correct learning of base rates from sequences
of real events. However, the order effect for evalua-
tions found in the present study, which is a special
type of reasoning bias, cannot be eliminated even if
base rates are used correctly. This result suggests that
the mechanisms of base rate learning and use are
relatively independent of the mechanisms of the order
effect.

The third finding is the transfer effect across
different base rate conditions. The base rate learned
in one environment was transferred to another envi-
ronment that had a different base rate. However, the
transfer effect became weaker and weaker and soon
diminished with the learning of the base rate of the
new environment. Thus, with sufficient training, the
base rate in a new environment could be eventually
learned. This transfer effect of base rates is another
demonstration of the finding that people are sensitive
to base rates when frequencies of occurrence are pre-
sented in terms of sequences of real events. Although
there was a transfer effect for base rates, belief
evaluations carried out for one base rate environment
were not transferred to a new base rate environment.
This result is not surprising because belief evalua-
tions for both environments were performed after the
learning of base rates was complete. Once the learn-
ing was complete, the knowledge of the old environ-
ment was largely overridden by the knowledge of the
new environment.

The experimental results of our present study
can neither be solely explained by the existing mod-
els of frequency learning nor solely by the existing
models of order effects because the former models do
not consider sequential information whereas the latter
models do not consider frequency learning. In order
to account for the complete spectrum of frequency
learning and order effects, we need a unified model
that considers both frequency learning and order ef-
fects. We are currently working on such a model.
Although we have not finished the model yet, we
have some preliminary results, which are described in
Wang, Johnson, & Zhang (1997).  This model inte-
grates the Rescorla-Wagner model for frequency
learning and the Echo model for belief evaluations.
Echo is the connectionist implementation of the The-
ory of Explanatory Coherence (Thagard, 1989, 1992),
which is a theory of belief evaluations. In Echo,
propositions (both hypotheses and evidence items)
are represented by nodes, and coherent relations are
represented by positive links and incoherent relations
by negative links. The system runs in a parallel con-
straint satisfaction fashion. When the system settles
down, the best hypothesis emerges as the one with
the highest belief value. The original Echo ignores
sequential information and does not have a learning

mechanism, both of which are essential for a success-
ful unified model of frequency learning and order
effects. Thus, we added the Rescorla-Wagner rule
into Echo so that the modified Echo has a learning
mechanism. We also modified the original Echo so
that it can accept sequential data for belief updating.
With these two modifications, the modified Echo can
learn frequency information from sequences of real
events and can produce the order effect for belief
evaluations. The simulation results from the modified
Echo largely matched the empirical results from the
experiments. However, there is still a phenomenon
that the modified Echo cannot handle. This is the
order effect for actual decisions, which is due to the
sequential presentation of evidence items during
learning. The learning mechanism in the modified
Echo is based on the Rescorla-Wagner rule, which
ignores temporal information. Therefore, the modi-
fied Echo cannot encode and learn the temporal in-
formation for sequentially presented evidence items.
We are exploring alternative learning mechanisms
that can learn frequency information both for evi-
dence items that are presented in parallel and for evi-
dence items that are presented sequentially.
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