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Pigeons’ choice in concurrent chains can adapt to rapidly changing contingencies. Grace, Bragason,
and McLean (2003) found that relative initial-link response rate was sensitive to the immediacy ratio in
the current session when one of the terminal-link fixed-interval schedules was changed daily according
to a pseudorandom binary sequence (e.g., Schofield & Davison, 1997). The present experiment test-
ed whether the degree of variation in delays across sessions had any effect on acquisition rate in Grace
et al.’s (2003) rapid-acquisition procedure. In one condition (‘‘minimal variation’’), the left terminal
link was always fixed-interval 8 s and the right terminal link was either fixed-interval 4 s or fixed-interval
16 s. In the other condition (‘‘maximal variation’’), a unique pair of fixed-interval values was used in
each session. Responding was sensitive to the current-session immediacy ratio in both conditions, but
across subjects there was no systematic difference in sensitivity. These results challenge the view that
initial-link responding in the rapid-acquisition procedure is determined by changes in the learned value
of the terminal-link stimuli, and suggests instead that a process resembling categorical discrimination
may control performance. A decision model based on the assumption that delays are categorized as
short or long relative to the history of delays provided a good account of the data and shows promise in
being able to explain other choice phenomena.
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_______________________________________________________________________________

What causes matching in concurrent choice
procedures? Two possibilities were identified
by Williams (1994): responses are emitted in
proportion to their strengths, implying that
matching itself is fundamental; and a ‘‘winner
take all’’ rule in which responses were made to
whichever alternative had the greatest value at
the present moment, with matching the result
in the aggregate (cf. Gallistel & Gibbon, 2000).
Four decades of research using steady-state
methodologies has stimulated the develop-
ment of quantitative models that are able to
describe individual performance to a high
degree of accuracy (e.g., Baum, 1974a; Davison
& Jenkins, 1985; Grace, 1994; Mazur, 2001),
but have not yielded a clear answer to the
question of what causes matching. Thus it is
not surprising that acquisition is a topic of
increasing research interest, because under-
standing the dynamics of choice in transition
may yield insights into the processes responsi-
ble for steady-state behavior.

Most research on choice acquisition has
used concurrent schedule procedures, and has

demonstrated that response allocation in non-
human subjects can adapt quickly to changing
contingencies. For example, Schofield and
Davison (1997) trained pigeons on a concur-
rent variable-interval (VI) VI schedule in which
the relative reinforcer rate varied unpredict-
ably across sessions according to a 31-step
pseudorandom binary sequence (PRBS). Scho-
field and Davison performed a regression
analysis that quantified the control over re-
sponse allocation exerted by the current and
prior sessions’ reinforcer ratios. They found
that after three exposures to the PRBS (i.e., 93
sessions), response allocation was determined
entirely by the reinforcer ratio for the current
session, with no detectable effect of the ratio
from prior sessions (cf. Davison & McCarthy,
1988; Hunter & Davison, 1985). Because the
sensitivity levels in a generalized-matching
analysis were comparable to those obtained
in steady-state studies (that typically include
five or more conditions, each lasting for
approximately 30 sessions), Schofield and
Davison suggested that the PRBS procedure
might prove to be an attractive alternative to
traditional designs for measuring sensitivity to
reinforcement.

Grace, Bragason, and McLean (2003) at-
tempted to determine whether similar results
could be obtained with a concurrent-chains
procedure. In concurrent chains, pigeons
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respond during a choice phase in which
concurrent schedules operate (initial links).
Responses occasionally produce access to one
of two mutually exclusive, distinctively signaled
outcome schedules (terminal links). After
reinforcement is earned during a terminal
link, the initial links are reinstated. Response
allocation during the initial links can be
viewed as a measure of the relative value or
effectiveness of the terminal-link stimuli as
conditioned reinforcers.

In their Experiment 1, Grace et al. (2003)
trained pigeons on a concurrent-chains pro-
cedure in which the terminal link associated
with the left initial link was always fixed-
interval (FI) 8 s. On any session, the termi-
nal-link associated with the right initial link
was either FI 4 s or FI 16 s, according to a PRBS
similar to that used by Schofield and Davison
(1997). Extended training in either of these
conditions would produce strong preference
for the shorter FI; in an analysis of archival
data, Grace (1994) reported that generalized-
matching exponents for sensitivity to relative
immediacy averaged 2.92 for concurrent
chains with FI terminal links. Grace et al.
found that by the third PRBS exposure (i.e.,
Sessions 62 to 93), initial-link response alloca-
tion for all pigeons tracked the immediacy
ratio in the current session, with estimates of
sensitivity ranging from 0.47 to 1.84 across
subjects (M 5 1.04, SD 5 0.57). Their results
demonstrated that pigeons’ response alloca-
tion could adapt quickly to unpredictable
changes in the terminal-link immediacy ratio
across sessions, although sensitivity levels were
variable across subjects and lower than those
obtained in steady-state designs.

In their Experiment 2, Grace et al. (2003)
explored the effects of having a wider range
and potentially infinite number of delays for
the changing terminal link. The same pigeons
were used, training began immediately after
the conclusion of Experiment 1, and the left
terminal-link schedule remained FI 8 s. A new
value for the right terminal-link FI schedule
was arranged for each session. These values
were determined by a pseudorandom number
generator, with the constraint that delays
ranged between 2 s and 32 s and immediacy
ratios were uniformly distributed (in logarith-
mic terms) between 1 to 4 and 4 to 1. Thus the
terminal-link schedule for the right key could
take any of an infinite number of values for

a given session. The question was whether
pigeons’ ability to track daily changes in the
immediacy ratio would be disrupted. Grace et
al., however, observed no systematic change in
sensitivity to relative immediacy over the entire
duration of the experiment (61 sessions).
Across subjects, sensitivity to the current-
session immediacy ratio ranged from 0.52 to
1.55, similar to the values obtained in Exper-
iment 1. This result was unexpected, and
suggested that there may be no savings in
terms of acquisition by restricting the chang-
ing terminal-link to two values (4 s and 16 s).
However, this comparison is confounded with
a potential order or practice effect, because
the two-value condition from Experiment 1
was not replicated.

Because sensitivity did not change over the
course of Experiment 2, Grace et al. (2003)
summarized the data in terms of scatterplots
relating the log initial-link response ratio in
each session to the log of the changing
terminal-link delay. For 1 subject, there were
two distinct clusters of data points, depending
on whether the changing delay was less than or
greater than 8 s (see their Figure 10). Sensi-
tivity to immediacy was relatively high between
clusters, but relatively low within clusters. This
clustering suggests a categorical discrimina-
tion process, which is provocative because it
would be more consistent with a winner take
all rather than matching rule for concurrent
responding. However, data for the other 3
pigeons did not show the same degree of
clustering, so the generality of this result is
unclear.

The present research investigated one ques-
tion posed by results of Grace et al. (2003),
namely whether the number of delays used
across sessions affects acquisition of prefer-
ence. Specifically, we compared performance
in a condition identical to Grace et al.’s
Experiment 1, in which one terminal-link was
constant and the other changed unpredictably
between two values, with a condition in which
different delays were used for both terminal
links in each session. We called these condi-
tions minimal variation (one delay changing,
two immediacy ratios) and maximal variation
(a potentially infinite number of delays and
immediacy ratios), respectively. If acquisition
depends on changes in the learned value of
the terminal-link stimuli, then preference for
the shorter terminal link (as measured by
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sensitivity) should be greater in the minimal-
variation condition. The reason is that the value
of the FI 8-s terminal link stimulus should never
change, and repeated training with FI 4 s and FI
16 s should result in more rapid acquisition to
one of two asymptotic values for the other
terminal-link stimulus. By contrast, if response
allocation is determined by a categorical de-
cision process (e.g., a ‘‘choose shorter’’ or
winner take all rule), then there may be no
systematic difference in sensitivity between the
minimal- and maximal-variation conditions. We
planned to look for differences in terms of both
aggregate performance (i.e., overall sensitivity),
as well as changes in sensitivity within sessions.

METHOD

Subjects

Subjects were 4 pigeons of mixed breed,
numbered 161, 162, 163, and 164, and main-
tained at 85% of their free-feeding weights (6
15 g) through appropriate postsession feeding.
Subjects were housed individually in a vivarium
with a 12:12 hr light/dark cycle (lights on at 6
a.m.). Water and grit were freely available in the
home cages. Subjects were experienced with
a variety of experimental procedures.

Apparatus

Four standard three-key operant chambers
were used, measuring 32 cm deep by 34 cm
wide by 34 cm high. The keys were 21 cm
above the floor and arranged in a row 10 cm
apart. In each chamber there was a houselight
located above the center key, and a grain
magazine with a 5 cm by 5.5 cm aperture was
centered 6 cm above the floor. The houselight
provided general illumination at all times
except during reinforcement delivery. The
magazine contained wheat and was illuminat-
ed during reinforcement. A force of approx-
imately 0.15 N was necessary to operate each
key. Each chamber was enclosed in a sound-
attenuating box, and ventilation and white
noise were provided by an attached fan.
Experimental events were controlled through
a microcomputer and MED-PCH interface
located in an adjacent room.

Procedure

Because subjects were experienced, training
started immediately in the first condition.

Sessions were conducted daily at approximate-
ly the same time (12 p.m.) with few exceptions.

A concurrent-chains procedure was used
throughout. Sessions ended after 72 initial-
and terminal-link cycles had been completed
or 70 min elapsed, whichever occurred first. At
the start of each cycle, the side keys were
illuminated white to signal the initial links. An
initial-link response produced an entry into
a terminal link if (a) it was made to the
preselected key, (b) an interval selected from
a VI 10-s schedule had elapsed, and (c) a 1-s
changeover delay (COD) was satisfied (i.e., at
least 1 s had elapsed following a changeover to
the side for which terminal-link entry was
arranged). Entries were assigned randomly to
the left or right terminal link, with the
constraint that out of every six cycles, three
were assigned to each terminal link.

The VI 10-s initial-link schedule did not
begin timing until after the first response in
each cycle, to allow postreinforcement pauses
after the completion of the previous terminal
link to be excluded from initial-link time. The
initial-link schedule contained 12 intervals
constructed from an exponential progression
(Fleshler & Hoffman, 1962). Separate lists of
intervals were maintained for cycles in which
entries to the left or right terminal link had
been arranged. Lists were sampled without
replacement so that all 12 intervals would be
used three times for both the left and right
terminal links each session.

Terminal-link entry was signaled by chang-
ing the color of the side key (left key to red,
right key to green), coupled with darkening of
the other key. Terminal-link responses were
reinforced with 3-s access to grain according to
FI schedules. During reinforcement, the only
illumination in the chamber was the magazine
light.

The two conditions in the experiment
differed in terms of the degree of variation
in the terminal-link FI schedule values. In the
minimal-variation condition, the FI schedule
value for the red (left) terminal link was
always 8 s, and the value for the green (right)
terminal link was either 4 s or 16 s. The
maximal-variation condition was designed to
be comparable to the minimal-variation con-
dition in that (a) the left and right alternatives
were equally often associated with the shorter-
delay terminal link; (b) the expected log
immediacy ratios were log(1/2) and log(2),
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respectively, for sessions in which the right and
left alternatives were associated with the
shorter delay; and (c) the overall average
terminal-link delay was 9 s. The terminal-link
schedule values for each session were de-
termined by a pseudorandom number gener-
ator subject to the constraints that the log
immediacy ratios were uniformly distributed,
across sessions, between log(4) and log(1/4),
and the delays summed to 18 s for each
session. Delays for each session were computed
as follows. First, a random number x was
sampled from a uniform distribution such that
log(1/4) # x # log(4). The immediacy ratio
then was computed as IR 5 10x. The delays
were then obtained as D1 5 18*(IR)/(IR + 1),
and D2 5 18/(IR + 1). Whether the shorter or
longer delay was assigned to the left key was
determined by a 31-step PRBS. In this way, the
expected log immediacy ratio for the maximal-
variation condition was the same as that in the
minimal-variation condition, and log immedi-
acy ratios for individual sessions were ‘‘un-
biased’’ in that they were equally likely to be
more or less extreme than log(2) or log(1/2).
Thus the critical difference between the
conditions was the degree of variability in
immediacy ratios across sessions.

In both conditions, the position of the
shorter terminal-link delay was changed across
sessions according to a PRBS. The PRBS
consisted of 31 steps and was the same as that
used by Hunter and Davison (1985). For the
31 sessions, the position of the shorter
terminal link was Left (L), Right (R), R, R, L,
L, R, L, L, L, R, L, R, L, R, R, R, R, L, R, R, L, R,
L, L, R, R, L, L, L, L. Each condition consisted
of three PRBS presentations (93 sessions).
Pigeons 161 and 162 completed the maximal-
variation condition first, followed by the
minimal-variation condition. The reverse or-
der was arranged for Pigeons 163 and 164. The
maximal-variation condition was replicated
(one PRBS presentation) for Pigeons 161
and 162 after the minimal-variation condition
had been completed. Owing to a programming
error, the minimal-variation condition was not
replicated for Pigeons 163 and 164. Statistical
tests used the .05 significance level.

RESULTS

Data were analyzed with a generalized-
matching model that incorporates the effects

of the current- and prior-session immediacy
ratios on initial-link response allocation (cf.
Schofield & Davison, 1997):

log
B0L

B0R
~ a0 log

1=D0L

1=D0R
z a1 log

1=D1L

1=D1R
z

a2 log
1=D2L

1=D2R
z . . . z log b:

ð1Þ

In Equation 1, B and D refer to initial-link
response rate and terminal-link delay, respec-
tively, with subscripts for choice alternative (L
and R) and lag (0 through 9, where 0 refers to
the current session). The parameters a0 . . . a9

quantify sensitivity to reinforcer immediacy
(i.e., reciprocal of delay) at each lag, and b is
a bias parameter. Multiple regressions were
conducted to obtain estimates of sensitivity
coefficients from Lag 0 (i.e., current session)
through Lag 9, and bias. Separate analyses
were conducted for the three PRBS presenta-
tions in each condition, as well as the
replication of the maximal-variation condition.
The programmed immediacy ratios were used
in the multiple regressions, because the
obtained delays were quite close to those
programmed in all cases.

Figure 1 shows sensitivity to immediacy for
Lag 0 through Lag 9 for all subjects and
conditions. Overall, sensitivity was always great-
est at Lag 0 (the only exception was Pigeon
161’s first PRBS presentation in the maximal-
variation condition). Further, sensitivity at Lag
0 increased across PRBS presentations within
conditions and tended to decrease for the
other lags. Lag 0 coefficients were always
positive and statistically significant, although
occasionally coefficients for other lags also
were significant. For example, for Pigeon 161,
Lag 0 through Lag 4 coefficients were signif-
icant for the first PRBS presentation in the
maximal-variation condition, Lag 0 and Lag 1
for the second presentation, and Lag
0 through Lag 3 for the third. When the
maximal-variation condition was replicated,
only the Lag 0 coefficient was significant for
either Pigeon 161 or 162.

Lag 0 coefficients (excluding replications
for Pigeons 161 and 162) were entered into a
2 3 3 3 10 repeated-measures analysis of
variance (ANOVA) with condition (minimal/
maximal), PRBS presentation, and lag as
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Fig. 1. Sensitivity to immediacy for Lag 0 through Lag 9 when Equation 1 was fitted to data from each PRBS
presentation in the minimal-variation (left panels) and maximal-variation (right panels) conditions. The three PRBS
presentations in each condition (and replication in the maximal-variation condition for Pigeons 161 and 162) are
marked as noted in the legend.

CONCURRENT CHAINS – DECISION MODEL 185



factors. The main effect of condition was not
significant, F(1, 3) 5 1.11, ns, but the main
effect of lag, F(9, 27) 5 139.76, and the lag x
presentation and condition x lag x presenta-
tion interactions were significant, F(18, 54) 5
5.74 and F(18, 54) 5 1.85, respectively. The
main effect confirms that sensitivity was great-
est for Lag 0, and the lag x presentation
interaction indicates that sensitivity increased
across PRBS presentations for Lag 0 but not
the other lags. For the three-way interaction,
analysis of simple effects found that sensitivity
for Lag 2 through Lag 4 was greater in the
maximal-variation condition for the first PRBS
presentation only. That no significant main
effect of condition was found suggests that
there was no systematic difference in Lag
0 sensitivity across subjects, although it should
not be interpreted to mean that sensitivities
were equal in the two conditions.

We examined Lag 0 coefficients in more
detail in a further attempt to find evidence for
consistent differences in sensitivity between
the minimal- and maximal-variation condi-
tions. Figure 2 displays Lag 0 coefficients for
all subjects in the order in which conditions
were completed. Data for 2 subjects (Pigeons
161 and 163) showed that Lag 0 sensitivity was
greater in the minimal-variation condition. For
Pigeon 161, sensitivity increased across the
three PRBS presentations in the maximal-

variation condition, continued to increase
across the minimal-variation condition, but
then decreased when the maximal-variation
condition was replicated. Sensitivity increased
across the minimal-variation condition for
Pigeon 163, but then dropped for the first
PRBS presentation in the maximal-variation
condition and failed to reach the level
achieved at the end of the minimal-variation
condition. However, data for the other 2
subjects (Pigeons 162 and 164) did not reveal
greater sensitivity in the minimal-variation
condition. For Pigeon 162, sensitivity in-
creased across the three PRBS presentations
in the maximal-variation condition, but then
remained at approximately the same level
across the minimal-variation condition and
the maximal-variation replication. For Pigeon
164, sensitivity increased from the first to
second PRBS presentations in the minimal-
variation condition, and then further in-
creased across the maximal-variation condi-
tion. Thus across subjects there was no
systematic difference in Lag 0 sensitivity be-
tween the minimal- and maximal-variation
conditions.

Average Lag 0 coefficients for the third
PRBS presentation can be compared with
results from Grace et al. (2003) to provide an
index of overall performance after a consistent
amount of training (93 sessions). Across

Fig. 2. Lag 0 sensitivity to immediacy coefficients across successive PRBS presentations for all pigeons in the order in
which they were conducted. MAX-1, -2, -3, and MIN-1, -2, -3 indicate the three PRBS presentations for the maximal-
variation and minimal-variation conditions, respectively. MAX-REP denotes the maximal-variation replication (Pigeons
161 and 162 only).
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subjects, average Lag 0 sensitivities in the
minimal- and maximal-variation conditions,
respectively, were 1.47 [SD 5 0.27] and 1.19
[SD 5 0.21]. These values are somewhat
greater than the average of 1.04 [SD 5 0.57]
obtained in Grace et al.’s Experiment 1, which
was equivalent to the minimal-variation condi-
tion.

The preceding analyses were based on data
pooled within each session, and it is possible
that consistent differences between the mini-
mal- and maximal-variation conditions might
emerge if change in preference during ses-
sions is examined. Figure 3 shows within-
session changes in Lag 0 sensitivity for all
subjects for the third PRBS presentation of
each condition and replications. For this
analysis, data were aggregated across all 31
sessions for each session twelfth (i.e., six
cycles). It is clear from Figure 3 that sensitivity
increased within session for all conditions.
Moreover, individual differences in Figure 3
are correlated with those in Figure 2. For
example, both figures show that sensitivity was
greater in the minimal-variation condition for
Pigeon 163 but in the maximal-variation
condition for Pigeon 164. It also is notable
that sensitivities in the maximal-variation

replication for Pigeons 161 and 162 are
approximately equal to those in the minimal-
variation condition. Thus within-session anal-
yses revealed no systematic differences be-
tween the minimal- and maximal-variation
conditions.

The failure to find a systematic difference in
sensitivity is surprising, and suggested that we
should examine performance in the maximal-
variation condition in more detail. Figure 4
shows scatterplots of log initial-link response
ratio as a function of the log immediacy ratio,
for all subjects for the third PRBS presentation
in the maximal-variation condition, as well as
the replications for Pigeons 161 and 162. Each
data point represents performance from a sin-
gle session. For all subjects, the log initial-link
response ratio increased as a function of the
log immediacy ratio, but two patterns were
evident. For the third PRBS presentation for
Pigeons 161 and 163, and for the third PRBS
presentation and replication for Pigeon 162,
data are scattered approximately randomly
around the regression line. However, for the
Pigeon 161 replication and for Pigeon 164, the
data show systematic deviations. For these
subjects, data points tended to fall into two
major clusters, depending on whether the left

Fig. 3. Lag 0 sensitivity to immediacy coefficients across successive session twelfths for the third PRBS presentations in
the maximal- (MAX-3) and minimal- (MIN-3) variation conditions and the maximal-variation replication (MAX-REP).
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or right key was favored. Within each of the
clusters, response allocation showed some
sensitivity to the immediacy ratio, but the
variation within clusters was less than that

between clusters. The result is that the
generalized-matching model (i.e., the fitted
regression line) is not representative of per-
formance for any range of immediacy ratios.

Fig. 4. Log initial-link response ratios as a function of log immediacy ratios for the third PRBS presentation in the
maximal-variation condition for all subjects (including replications for Pigeons 161 and 162). Each data point represents
performance from a single session. Parameters and variance accounted for by linear regression (heavy lines) also
are shown.
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The systematic deviation was confirmed
through polynomial regression of residuals
on log immediacy ratios, which found signif-
icant cubic components for Pigeon 161 –
replication, b 5 –1.24, p , .05, and Pigeon
164, b 5 –1.25, p , .05. No significant
components were found in regressions per-
formed on residuals for the other subjects.

It is clear from Figure 4 that even for the
cases in which deviations were unsystematic,
the regression line accounted for less variance
than is commonly obtained in traditional
steady-state designs—averaged across all re-
gressions in Figure 4, the variance accounted
for was 77.6%. It is likely that some (if not
most) of the scatter is related to within-session
changes in response allocation, given that each
data point in Figure 4 represents a single
session. Because sensitivity in the maximal-
variation conditions reached an asymptotic
value approximately midway through the
session (see Figure 3), we conducted an
analysis to determine whether some of the
variance in response allocation in the second
half of the session might be related to factors
other than the immediacy ratio. Specifically,
we were interested to determine whether there
would be evidence for perseveration, that is,
that a degree of preference, once established
within a session, would tend to continue (cf.
Killeen, 2003). To test this hypothesis, we
performed a series of hierarchical regressions
for all conditions displayed in Figure 4, in
which the log response ratio from the fourth
quarter of the session (i.e., cycles 55 to 72) was
first predicted from the log immediacy ratio.
The log response ratio from the third quarter
of the session (cycles 37 to 54) was then
entered into the regression model to test
whether it accounted for a significant increase
in variance. In all cases, the incremental
variance predicted by the log response ratio
in the third quarter was statistically significant,
indicating perseveration. Variance accounted
for by the log immediacy ratio, and by the log
immediacy ratio together with the third-quar-
ter log response ratio, respectively, were as
follows: Pigeon 161, 75.0% and 94.2% (third
quarter log response ratio b 5 0.83), Pigeon
161 – replication, 82.6% and 96.7% (b 5
0.85), Pigeon 162, 89.4% and 91.7% (b 5
0.42), Pigeon 162 – replication, 83.0% and
96.1% (b 5 0.83), Pigeon 163, 52.4% and
70.2% (b 5 0.68), and Pigeon 164, 86.8% and

97.7% (b 5 0.88). This demonstrates that
subjects were perseverating, that is, that
a pattern of response allocation, once estab-
lished in a session, tended to persist.

DISCUSSION

We examined acquisition of preference in
concurrent-chains using a procedure in which
the position of the shorter terminal-link was
changed unpredictably across sessions accord-
ing to a PRBS (Hunter & Davison, 1985).
Previous research had demonstrated that, after
exposure to the PRBS, pigeons’ response
allocation was sensitive to the immediacy ratio
in the current session with virtually no effect of
preceding sessions (Grace et al., 2003). The
key question posed by the present study was
whether the degree of variation in terminal-
link delays would affect sensitivity to the
current-session immediacy ratio. In the mini-
mal-variation condition, one terminal-link
schedule was always FI 8 s and the other
terminal link changed between FI 4 s and FI
16 s across sessions (i.e., the same arrange-
ment used by Grace et al., 2003), whereas in
the maximal-variation condition a unique pair
of schedule values was used in each session. In
both conditions, the shorter delay was associ-
ated equally often with the left and right
terminal link, and the expected log immediacy
ratios were log(1/2) or log(2), depending on
the location of the shorter delay. The order of
conditions was counterbalanced across sub-
jects.

By the third PRBS presentation, response
allocation was sensitive to the current session
(i.e., Lag 0) immediacy ratio, and insensitive to
prior immediacy ratios, in both the minimal-
and maximal-variation conditions. Further-
more, changes in sensitivity within session
were similar for the two conditions once
subjects were experienced with the procedure,
indicating similarly rapid adaptation to the
immediacy ratio. However, there was no
systematic difference in sensitivity between
the conditions across subjects. This result is
contrary to the proposition that initial-link
response allocation in concurrent chains is
determined by the learned or conditioned
value of the terminal-link stimuli. According to
this view, acquisition should have been faster
(and hence Lag 0 sensitivity greater) in the
minimal-variation condition. Because one ter-
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minal link FI schedule was constant in that
condition, and one of only two FI schedules
was used for the other, there should have been
some savings in acquisition because the values
of the terminal-link stimuli presumably did not
have to change to the same extent as in the
maximal-variation condition (presumably, the
value of the FI 8-s stimulus did not have to
change at all). The finding of roughly compa-
rable sensitivity (and hence acquisition) in the
maximal-variation condition is thus counterin-
tuitive, and raises the question of how the
subjects were able to respond similarly in what
should have been a far more difficult discrim-
ination. We also obtained evidence of persev-
eration in response allocation; when a relatively
strong preference for a terminal link had been
established by the end of the third quarter of
the session, preference for that terminal link
tended to remain strong in the fourth quarter.
The perseveration was independent of any
effect of the immediacy ratio.

Grace et al. (2003) reported that results for
some subjects in some conditions showed
systematic deviations from generalized match-
ing, and similar deviations were found here.
Figure 4 revealed two distinct patterns of
response allocation in the maximal-variation
condition. Either data points from single
sessions were scattered unsystematically around
the regression line, or fell into two distinct
clusters with relatively greater variation between
rather than within clusters. The former can be
adequately described by a generalized-match-
ing model (e.g., Grace, 1994), but the latter
strongly suggests a categorical discrimination.
The clustering implies that delays effectively fell
into two classes (short and long), with general-
ization within classes and discrimination be-
tween classes. One possibility is that subjects’
behavior could be described as following
a simple rule or heuristic, for example, ‘‘choose
the shorter delay.’’ However, this notion is
vague and it is unclear whether it also could
account for the remaining performances that
were consistent with generalized matching.

What is needed is a model able to explain
both patterns of response allocation in Figure
4—generalized matching and categorical dis-
crimination—as well as the lack of a systematic
difference in sensitivity between the minimal-
and maximal-variation conditions. The follow-
ing section describes a simple decision model
that can accomplish these goals.

A Decision Model

The basic assumption of the model is that
on any given trial, initial-link response alloca-
tion is determined by the relative response
strengths of the associated operants (i.e., the
relative propensity to respond to the left and
right initial-link stimuli):

BLn

BRn
~

RSLn

RSRn
, ð2Þ

where B is initial-link response rate, RS is
response strength, and the subscripts L, R, and
n indicate the left and right alternatives and
cycle number, respectively.

Response strength for a given alternative
changes after reinforcement has been earned
in a terminal link. Only response strength for
the alternative associated with the terminal
link in which reinforcement has just been
earned is updated. The subject is assumed
effectively to make a ‘‘decision’’ as to whether
the preceding delay was short or long, relative
to the history of delays. An important assump-
tion of the model is that the delays that
comprise reinforcement history are pooled
across both alternatives. This contrasts with
theoretical accounts of timing in which sub-
jects are assumed to maintain separate ‘‘mem-
ories’’ for the delays associated with each
alternative (e.g., Gallistel & Gibbon, 2000;
Gibbon, Church, Fairhurst, & Kacelnik,
1988). Changes in response strength are made
according to a linear-operator rule. If the delay
is judged as short (or long), response strength
is incremented (or decremented) by a constant
fraction of the difference between the current
and maximum (or minimum) response
strength. This leads to the following pair of
equations that governs increases in response
strength for ‘‘short’’ delays, and decreases for
‘‘long’’ delays:

RSnz1 ~ RSn z MaxRS { RSnð Þ � D

(for ‘‘short delays);
ð3aÞ

RSnz1 ~ RSn { RSn { MinRSð Þ � D

(for ‘‘long delays):
ð3bÞ

In Equations 3a and 3b, RS is response
strength, n and n + 1 indicate trial numbers,
MaxRS and MinRS are the maximum and
minimum asymptotic response strengths, re-

ð3bÞ

ð3aÞ
’’

’’
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spectively, and D is a learning rate parameter.
Note that although a single pair of equations
defines the model, separate response strengths
for the left and right alternatives are main-
tained (i.e., either Equation 3a or 3b is used to
update response strength for the just-complet-
ed alternative). The ratio MaxRS / MinRS deter-
mines the strongest degree of asymptotic
preference that can be obtained. For example,
if the terminal links are widely spaced FI
schedules (e.g., FI 5 s FI 30 s), such that delays
associated with one terminal link always are
classified as short whereas delays from the
other always are classified as long, then the
response strengths will reach asymptote at
a rate determined by D, and the predicted
response ratio will be MaxRS / MinRS.

Reinforcement history is represented as
a normal distribution of log delays with a mean
equal to the log geometric mean of the
experienced delays. The variance of the
distribution is assumed to be constant for all
delays. Although these assumptions are con-
sistent with a logarithmic ‘‘representation’’ of
time, note that this distribution is equivalent
(after log transformation) to that posited by
scalar expectancy theory, which assumes a lin-
ear representation of time but with scalar
variance (Gibbon, 1981). The distribution of
log delays is used both for simplicity and
because research in animal psychophysics has
shown that the bisection point for temporal
discrimination typically occurs at the geomet-
ric mean (Church & Deluty, 1977; Stubbs,
1968). Moreover, it should be emphasized that
the model does not assume the subject is
generating an internal representation of re-
inforcement history as a distribution of delays
in memory; rather, the distribution and
associated decision process are proposed as
a model for control over response allocation
by reinforcement history in the rapid-acquisi-
tion procedure (cf. Wixted & Gaitan, 2002).

The mean of the distribution—the temporal
bisection point—serves effectively as a ‘‘criteri-
on’’ against which delays are judged. Delays
that are less than the criterion are likely (i.e., p
. .5) to be classified as short, and vice versa for
delays that are greater than the criterion. The
standard deviation is a parameter in the
model, and influences the likelihood of
making a correct decision. According to the

model, the probability of making a short
decision, pshort, is computed as the area under
the distribution to the right of the log of the
preceding delay (note that plong 5 1 – pshort).
The process is illustrated in Figure 5. This
figure shows the reinforcement history distri-
bution, with mean (i.e., log criterion; top
arrow) equal to the average of the log delays
from the maximal-variation condition (0.92,
which corresponds to a delay of 8.37 s).
Assume that the preceding terminal-link delay
was 7.5 s (log 7.5 5 .875; bottom arrow in
Figure 5). Because this delay is less than the
criterion, it is likely that it will be classified as
short. According to the model, the probability
of a short classification is given by the shaded
area in Figure 5, which is 73.7%. The shaded
area is equal to the inverse of the cumulative
normal distribution.

To generate predictions using the model,
pshort must be computed for the delay experi-
enced on trial n. Then pshort and 1 – pshort can
be used to combine Equations 3a and 3b into
a single expression for the expected response
strength for trial n + 1:

RSnz1 ~ RSn z pshort� MaxRS { RSnð Þ�D {

1 { pshortð Þ� RSn { MinRSð Þ�D:
ð4Þ

Equation 4 gives the expected (i.e., average)
response strength for an alternative on trial n
+ 1, given that the delay just experienced was
classified as short with p 5 pshort. In principle,
a ‘‘real time’’ version of the model could be
used in which the actual sequence of classifica-
tions was simulated. Such a model could
account for nonmonotonic changes in prefer-
ence during a session. For present purposes,
however, we adopted the simpler approach of
computing predictions based on expected
response strengths. This yielded a monotonic
acquisition curve for each session.

Equation 4 was used to generate predictions
for a set of terminal-link schedule pairs that
covered the range of immediacy ratios used in
the experiment, FI 3.6 s FI 14.4 s [4:1] to FI
14.4 s FI 3.6 s [1:4]. For these simulations, the
mean of the reinforcement history delay
distribution was again equal to 0.92 (i.e., the
log geometric mean of the average delays from
the maximal-variation condition in training),
the learning rate parameters for both alter-
natives were set equal to 0.2, and the maxi-
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mum and minimum response strengths were
0.9 and 0.1, ensuring that the maximum
response ratio predictable by the model was
9:1. Response strengths for both alternatives
were reset to 0.5 at the start of each session.
This corresponds to the assumption that the
immediacy ratios from prior sessions had no
effect; response allocation was controlled by
the terminal-link schedules in the current
session only, consistent with the finding that,
typically, only Lag 0 sensitivity coefficients were
significantly greater than zero by the third
PRBS presentation in both conditions (see
Figure 1; Grace et al., 2003). Separate versions
of Equation 4 then were used to compute
changes in response strength across 36 pre-
sentations of the left and right terminal links.
The predicted overall session response alloca-
tion then was based on the average response
strength for each alternative across the 36
presentations. Two sets of predictions were
calculated, which differed according to wheth-
er the standard deviation of the reinforcement

history distribution was relatively large (0.3) or
small (0.075).

Results are shown in Figure 6. When the
standard deviation was relatively large (left
panel), the predicted log initial-link response
ratio was an approximately linear function of
the log immediacy ratio. The regression line in
the left panel accounted for more than 99.5%
of the variance. By contrast, when the standard
deviation was relatively small (right panel), the
predicted data follow a sigmoidal pattern and
deviate systematically from the regression line.
Thus Figure 6 demonstrates that the decision
model can generate predictions that conform
to either generalized matching or categorical
discrimination. When the standard deviation is
low, discrimination of short versus long delays
is relatively accurate and response allocation
shows evidence of categorical discrimination.
However, when the standard deviation is large
the discrimination is relatively inaccurate, and
response allocation conforms to generalized
matching.

Fig. 5. Illustration of how the decision model computes the probability that a terminal-link delay will be classified as
‘‘short.’’ Shown is the lognormal distribution representing the history of reinforcement delays combined for both
alternatives. The probability of a short classification for a 7.5-s delay is the area under the distribution to the right of
log 7.5.
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To evaluate whether the decision model was
able to account for the present results, the
model was fitted to the individual data from
the third PRBS presentations in both condi-
tions. For each session, log initial-link response
ratios were computed for every six cycles (i.e.,
twelve log response ratios per session), giving
a total of 372 (12 3 31) data points for each
subject. The log criterion values were set equal
to the log geometric mean of the programmed
delays in each condition (0.92 and 0.90 for the
maximal- and minimal-variation conditions,
respectively). The maximum and minimum
response strengths were again assumed to be
0.9 and 0.1, and the starting response strength
for both alternatives in each session was set
equal to 0.5. Next, the values of the standard
deviation and the learning rate parameters for
the left and right alternatives (DL and DR) that
maximized the variance accounted for by the
model were determined by a nonlinear opti-
mization procedure. Then the adequacy of the
fits was checked by conducting a regression of
the obtained on the predicted values. For 2
subjects in the minimal-variation condition
(Pigeons 161 and 163) the model was system-
atically predicting values that were not ex-
treme enough (as indicated by a regression
slope greater than 1.0). The model was
reapplied to the data for these pigeons except
that the maximum and minimum response
strength parameters for the right alternative
(i.e., the changing terminal link) were esti-

mated, allowing predicted preference to be-
come more extreme. In this way, adequate fits
in terms of acceptable regression parame-
ters—slopes and intercepts not significantly
different from 1.0 and 0.0, respectively—were
obtained for all conditions. Using these
parameter estimates, the predictions of the
model for the full session data and variance
accounted for were calculated.

The parameter values for the model, vari-
ance accounted for in the session-twelfth and
full-session data, and regression statistics (ob-
tained on predicted) are shown in Table 1 for
all subjects. The decision model accounted for
an average of 78% and 69% of the variance in
the session-twelfth data in the minimal- and
maximal-variation conditions (including repli-
cations), respectively. Overall, the fits of the
model to the individual data were moderately
good (VAF . 0.75), with the exception of
Pigeon 163 (both conditions), and Pigeon 161
(maximal-variation condition).

Table 1 shows that for all subjects, the
estimated standard deviation was greater in
the maximal-variation (and replication) com-
pared to minimal-variation conditions. Be-
cause the accuracy of correctly classifying
a delay as short or long varies inversely with
the standard deviation, this might seem to
suggest that the model predicts sensitivity to
the log immediacy ratio will be greater in the
minimal-variation condition—with the other
parameters held constant, decreases in the

Fig. 6. Illustration of how the decision model can predict molar response allocation that is approximately linear (left
panel) or sigmoidal (right panel) as a function of the log immediacy ratio, depending on the standard deviation of the
lognormal distribution representing the history of reinforcement delays.
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standard deviation produce increases in sensi-
tivity. However, according to the model,
sensitivity also depends on the learning rate
parameters (DL, DR). Predicted Lag 0 sensitiv-
ities were calculated by regressing the model’s
full-session predictions on the log immediacy
ratios, and are listed in Table 2 along with the
corresponding obtained Lag 0 sensitivities.
The predicted sensitivities were highly corre-
lated (r 5 .88) with the obtained values, and
reproduced the pattern of individual differ-
ences: sensitivity was greater in the minimal-
variation condition for Pigeons 161 and 163,
greater in the maximal-variation condition for
Pigeon 164, and approximately the same
across conditions for Pigeon 162. Thus the
model predicted the individual differences in
Lag 0 sensitivity, even though for all subjects
the standard deviation was smaller (and hence
decision accuracy greater) in the minimal-
variation condition.

Figures 7 through 9 illustrate the fits of the
model in the minimal- and maximal-variation
conditions, and maximal-variation replication,
respectively. In each figure, the left panels
show scatterplots of the obtained versus pre-
dicted values for the session-twelfth data. In all
cases, the slopes and intercepts of the re-
gression lines are close to 1.0 and 0.0, re-
spectively, indicating that there was little
systematic deviation in the model fits. The
predictions of the model (unfilled symbols),
and the obtained results (filled symbols), are
shown for the full-session data in the right
panels. The regression equation and variance
accounted for associated with a generalized-
matching model are provided for sake of
comparison. The average variance accounted
for by the model in the full-session data was
89% and 80% for the minimal- and maximal-
variation conditions (including replications),
respectively, and was greater than that ac-
counted for by the generalized-matching
model in 7 of 10 cases (the regression lines
in the right panels; see also Table 1).

Although the model is able to capture the
overall trends, there is a fair amount of scatter,
especially in the session-twelfth data (left
panels in Figures 7 through 9). Figure 10
provides some insight into why the model was
only able to account for about 75% of the
variance in relative initial-link responding
within- and across-sessions. Shown are log
initial-link response ratios by session twelfth
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for Pigeons 161 and 163 in the minimal-
variation condition. These subjects were cho-
sen because the model accounted for the
highest and the lowest percentage variance in
that condition, respectively. In both cases, log
response ratios change systematically during
the session depending on whether the right
terminal-link schedule was FI 4 s or FI 16 s, but
it is clear that there are many cases of
nonmonotonic changes within sessions. As
applied to the data, the decision model is only
able to predict monotonic changes (i.e.,
smooth acquisition curves) because the com-
putations are based on expected response
strengths. The model does not predict the
actual sequences of ‘‘decisions’’ made by the
subject (correct and incorrect), and how
response strength might change nonmonoto-
nically throughout the session as a result.

Overall, the decision model satisfies the
major goal specified at the outset: to account
for response allocation typical of both gener-
alized matching and categorical discrimina-
tion. The model accomplishes this through
changes in the standard deviation that are
intuitively plausible. Given continued training
with the PRBS procedure, reinforcement
history exerts stronger control over response
allocation in that differences between delays in
current and prior sessions are judged more
accurately. This is reflected by decreases in the
standard deviation across successive PRBS
presentations within conditions. The model
also is able to account for individual differ-
ences in sensitivity between the minimal- and
maximal-variation conditions. The predicted
Lag 0 sensitivity depends not only on the
standard deviation, but also on the learning
rate parameters (DL, DR). Thus, although
standard deviations were always smaller in
the minimal-variation condition, suggesting
more accurate discrimination, the model was

able to reproduce the obtained pattern of
individual differences in sensitivity. Finally, the
model also can account for the observed
perseveration in response allocation within
sessions. To the extent that the sequence of
decisions results in relatively large difference
in response strength (and hence strong
preference) by the end of the third quarter
of the session, then preference in the fourth
quarter also is likely to be relatively strong.

One major simplifying assumption made
here—that response strengths were reset to
intermediate values at the start of each
session—clearly would not hold for traditional,
steady-state designs in which schedule param-
eters remain unchanged until response alloca-
tion is stable. The model is incomplete
because the values of the learning rate
parameters (as well as the degree of carryover
in response-strength changes within session)
must depend on the frequency of environ-
mental change (cf. Mazur, 1997). However, it
may be that an elaboration of the basic model
presented here can account for concurrent-
chains choice in both rapid acquisition and
steady-state designs (Grace, 2002a). In the
remaining sections we will briefly consider
some implications of the model for various
choice phenomena.

The Provenance of Matching

One of the oldest and most important
controversies in research on choice concerns
the origins of matching. A large number of
different theories have been proposed (see
Williams, 1988, 1994, for review), but we will
focus on the question of whether matching
itself is fundamental or can be explained in
terms of a more local process. The model
advanced here allows for response allocation
to vary continuously and hence show constant
sensitivity to the immediacy ratio, even when

Table 2

Obtained and predicted Lag 0 sensitivity coefficients for all subjects for the third PRBS
presentation of each condition (including replications). See text for more explanation.

Pigeon

Obtained Lag 0 sensitivity Predicted Lag 0 sensitivity

Minimum Maximum
Maximum
replication Minimum Maximum

Maximum
replication

161 1.73 0.87 1.00 1.57 0.89 1.12
162 1.43 1.30 1.39 1.35 1.37 1.21
163 1.67 1.15 1.50 0.84
164 1.04 1.42 1.10 1.36
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Fig. 7. Fits of the decision model to data from the third PRBS presentation in the minimal-variation condition. The
left panels show obtained versus predicted log initial-link response allocations for each session twelfth. The regression
lines and associated parameters also are given. The right panels show obtained overall log initial-link response ratios as
a function of log terminal-link immediacy ratios (filled symbols) and the log response ratios predicted by the decision
model (unfilled symbols). For sake of comparison, the regression lines and associated parameters indicate predictions of
a generalized-matching model. See text for more details.

196 RANDOLPH C. GRACE and ANTHONY P. McLEAN



Fig. 8. Fits of the decision model to data from the third PRBS presentation in the maximal-variation condition. The
left panels show obtained versus predicted log initial-link response allocations for each session twelfth. The regression
lines and associated parameters also are given. The right panels show obtained overall log initial-link response ratios as
a function of log terminal-link immediacy ratios (filled symbols) and the log response ratios predicted by the decision
model (unfilled symbols). For sake of comparison, the regression lines and associated parameters indicate predictions of
a generalized-matching model. See text for more details.
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the decisions are categorical—changes in re-
sponse strength occur when a delay has been
judged short or long, but by how much it is
short or long is irrelevant. Thus the model
suggests that generalized matching in concur-
rent chains—that is, response allocation that is
a power function of the immediacy ratio—can
be understood in terms of a categorical de-
cision process.

However, it is important to note that the
model only produces an approximation to
generalized matching. As the left panel of
Figure 6 shows, even when the model predicts
that response allocation is approximately
a linear function of the log immediacy ratio,
there are systematic deviations from general-
ized matching in the direction predicted by
a sigmoidal function. Because these deviations
are relatively small, they may be hard to detect
empirically.

Can a similar model account for matching
to relative reinforcement rate in concurrent
schedules? Recently, Davison, Baum and col-
leagues (e.g., Davison & Baum, 2000; Landon,
Davison, & Elliffe, 2003) have reported a series
of experiments in which reinforcement pa-
rameters (e.g., rate or magnitude) were varied
within sessions in a multiple-component con-
current schedules procedure. When data were
aggregated across many sessions (typically 50
per condition) and analyzed in terms of
reinforcer sequences, response allocation
showed systematic changes; specifically, after
each reinforcer preference shifted towards the
most recently reinforced alternative, which led
Davison and Baum (2000) to conclude that
‘‘every reinforcer counts.’’ If every reinforcer
counts, implying that each one has an equiv-
alent impact on choice behavior, then match-
ing would be the expected result at the molar

Fig. 9. Fits of the decision model to data from the replication of the maximal-variation condition (for Pigeons 161
and 162 only). The left panels show obtained vs. predicted log initial-link response allocations for each session twelfth.
The regression lines and associated parameters also are given. The right panels show obtained overall log initial-link
response ratios as a function of log terminal-link immediacy ratios (filled symbols) and the log response ratios predicted
by the decision model (unfilled symbols). For sake of comparison, the regression lines and associated parameters indicate
predictions of a generalized-matching model. See text for more details.
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level. A process in which responding is
strengthened incrementally by reinforcement
is consistent with the decision model offered
here.

Molar Choice in Concurrent Chains

Ultimately, any successful comprehensive
model for concurrent chains must be able to
explain performance in traditional, steady-
state designs. The model described here

incorporates only the effects of reinforcement
delay, and would need to be elaborated
further to account for factors such as re-
inforcement magnitude (Grace, 1995), proba-
bility (Spetch & Dunn, 1987), signaled versus
unsignaled terminal links (Williams & Fantino,
1978), and terminal-link response contingen-
cies (Moore & Fantino, 1975; Nevin, Grace,
Holland, & McLean, 2001). In its present
form, the model also is unable to account for

Fig. 10. Log initial-link response ratios as a function of session twelfth for the third PRBS presentation in the minimal-
variation condition for Pigeons 161 (upper panel) and 163 (bottom panel). Data points from the same session are
connected by lines. Filled symbols indicate sessions in which the terminal links were FI 8 s FI 16 s; unfilled symbols
indicate sessions in which the terminal links were FI 8 s FI 4 s. See text for explanation.
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the effect of absolute initial- and terminal-link
duration on preference (e.g., Fantino, 1969;
Grace & Bragason, 2004; MacEwen, 1972).
However, there are several results that are
easily explained by the model as it stands.

The model predicts preference for variabil-
ity—that is, for VI over FI schedules that have
the same average delay to reinforcement
(Herrnstein, 1964). Because the distribution
of intervals for the VI schedule is skewed, the
geometric mean of the pooled delay distribu-
tion will be less than the FI value. Thus the
probability of the FI delay being classified as
short is less than 0.5. Conversely, a delay
sampled from the VI schedule is likely (p .
.5) to be shorter than the average value, and
thus is more likely to be classified as short than
the FI delay.

The model also predicts that preference
should be more sensitive to the ratio of
average delays with FI than with VI terminal
links (Killeen, 1970). The reason is that the
delay distributions for the VI schedules over-
lap, whereas the distributions for the FI
schedules do not. Thus the probability of
a short delay from the longer VI schedule is
greater than the probability of a short delay
from the longer FI schedule, and conversely,
the probability of a long delay from the shorter
VI schedule is greater than the probability of
a long delay from the shorter FI schedule. This
leads to weaker preference for pairs of VI
schedules compared to FI schedules with the
same immediacy ratio.

Temporal Discounting as a Derived Phenomenon

Temporal discounting is the process where-
by the value of a reward decreases according to
its delay and is a topic of increasing research
interest with both humans and nonhumans
(e.g., Grace, 1999; Kirby, Petry, & Bickel, 1997;
see Green & Myerson, 2004, for review). One
of the most interesting and provocative results
has been that data from experiments with both
humans and nonhumans are better described
by hyperbolic rather than exponential func-
tions (e.g., Myerson & Green, 1995).

One of the implications of our model is that
the temporal discounting may be a derived
phenomenon, at least in nonhumans. Using
the concurrent-chains procedure, a discount-
ing function may be derived by assuming that
initial-link response allocation matches the
relative value of the terminal-link stimuli, with

value determined according to a discounting
function. According to this view, the slope of
the generalized-matching relation between log
relative initial-link response and log terminal-
link immediacy ratios provides an index of
discounting (Grace, 1999). Moreover, the
determiners of ‘‘value’’ in other procedures
involving choice between delayed reinforcers,
such as Mazur’s (1984) adjusting-delay pro-
cedure, appear to be the same as in concur-
rent chains (Grace, 1996). If the generalized-
matching relation, which is a continuous
function of the immediacy ratio, is obtained
through an accumulation of ordinal ‘‘deci-
sions,’’ then subjects’ behavior is not deter-
mined by the delay ratio directly. The impli-
cation is that temporal discounting rate, as
indexed by the slope of the generalized-
matching relation, may be a derived phenom-
enon. Ultimately, it may be possible to predict
the shape of the discounting function from
the basic principles of a model similar to the
one proposed here.

Conditioned Reinforcement Value

Models for concurrent chains typically have
assumed that response allocation during the
initial links is determined by the relative value
of the terminal-link stimuli as conditioned
reinforcers, although how value should be
defined has been a controversial issue (e.g.,
Fantino, Preston, & Dunn, 1993; Grace, 1994,
2002b; Mazur, 2001; but cf. Grace & Nevin,
1999). As noted in the Introduction, according
to this view acquisition should have been faster
in the minimal-variation condition, and so the
lack of a systematic difference in Lag 0 sensi-
tivity is evidence against learned or condi-
tioned value as an explanation for the present
results. However, it is important to realize that
‘‘response strength’’ in the decision model
(i.e., propensity to respond to an alternative)
could be relabeled ‘‘conditioned value’’ with-
out altering the model’s predictions or its
ability to describe the data. How the model’s
construct should best be interpreted is a theo-
retical question, not an empirical one. We
believe that the assumption that the construct
be reset (to 0.5) at the start of each session,
which was necessary to model the data, is
difficult to reconcile with traditional views of
conditioned reinforcement. Thus we favor an
interpretation of the construct as response
strength or ‘‘propensity to respond,’’ although
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it is possible that alternative perspectives on
conditioned reinforcement (e.g., as ‘‘situation
transition’’; see Baum, 1974b) might be
consistent with the present data and model.

CONCLUSION

Overall, the decision model shows promise
as an account of concurrent-chains perfor-
mance. It is able to describe changes in
response allocation within-sessions under con-
ditions in which terminal links change un-
predictably across sessions. A plausible exten-
sion of the model is consistent with many
results from the steady-state literature (e.g.,
preference for variability, overmatching with
FI schedules). Ultimately, a model based on
the decision process outlined here may be able
to provide a complete account of concurrent-
chains performance.
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