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Magnitude estimation of temporal intervals

LORRAINE G. ALLAN
McMaster University, Hamilton, Ontario, Canada

Data are presented from a magnitude estimation study of temporal intervals. The individual
subject data do not support the lognormal model of error. Many of the response distributions
are negatively skewed,and, in general, the variance of the log responses decreases with stimulus
duration. The fit of the two-parameter power function, obtained using nonlinear estimation, is
compared with the fit obtained using linear least squares in log-logcoordinates. Nonlinear es
timation provides a better description of the individual subject data and yields estimates of the
exponent which are closer to 1.00. The addition of a third parameter brings the exponents very
close to 1.00. It is concludedthat, since the value of the power function exponent depends upon
the curve-fitting procedureused, magnitude estimation data do not provide compellingevidence
against a linear psychophysical function for time.

Most magnitude estimation studies have concluded
that estimates are a power function of stimulus values.
This claim has also been made for temporal intervals
by many investigators (for example, Bobko ,
Thompson, & Schiffman, 1977; Eisler, 1975, 1976;
Jones & McLean, 1966; Kunnapas, Hallsten, &
SOderberg, 1973; Mashour & Hosman, 1968; Michon,
1967; Painton, Cullinan, & Mencke, 1977; Steiner,
1968; S. S. Stevens & Galanter, 1957; S. S. Stevens
& Greenbaum, 1966). While, in a number of these
studies (Bobko et al., 1977; Jones & McLean, 1966;
S. S. Stevens & Galanter, 1957; S. S. Stevens &
Greenbaum, 1966), the estimate of the power func
tion exponent is very close to 1.00, averaged over
many studies the value is about .90 (Eisler, 1976).
The deviation of the exponent from unity, on aver
age, has been taken to indicate that time perception
is not veridical. This conclusion runs counter to that
reached on the basis of data from duration discrim
ination tasks. A number of decision theory models
specify that the expected value of the internal dura
tion distribution is a linear function of stimulus dura
tion (Allan, Kristofferson, & Wiens, 1971; Creelman,
1962; Kinchla, 1972). A large quantity of data has
been analyzed in terms of these models, and, in gen
eral, the data are in accord with the linear assump
tion of the models. More recently, Kristofferson
(1977, 1980) has shown that, under some circum
stances, duration discrimination data are compatible
with the real-time criterion model, which states that,
for the purpose of discrimination, there is no trans-
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formation of stimulus time into psychological time.
According to this model, internal time is real time.

Allan (1979) distinguished between duration scal
ing tasks, which include the magnitude estimation
task, and duration discrimination tasks. In a dura
tion scaling task, the subject is asked about the per
ceived duration of a set of easily discriminable tem
poral intervals, whereas in a duration discrimination
task, the subject is asked to distinguish among a set
of highly confusable intervals. At first glance, one
might think that scaling and discrimination tasks lead
to different conclusions regarding the subjective time
scale. In fact, there are data from another scaling
task, ratio-setting, which are often cited in support
of the power function as the psychophysical law for
temporal intervals. In a ratio-setting task, a standard
duration is presented to the subject and he is required
to set a variable duration so that it is a specified pro
portion, P, of the standard. Most frequently, the
empirical relationship between variable setting and
standard duration is linear. Eisler (1974, Note 1) and
Ekman (Note 2) showed that the power function as
the psychophysical law is compatible with this em
piricallinear relationship, and they developed models
for ratio-setting data (Eisler, 1975; Frankenhauser,
1960; Ekman & Frankenhauser, Note 3). Allan (1978)
and Blankenship and Anderson (1976)have criticized
these models. Allan (1978) pointed out that, in order
to evaluate the models, it is necessary to assume that
the ratio specified by the experimenter, P, is that
used by the subject. She demonstrated that when this
assumption is made, the estimated exponent did not
remain constant as P was varied.

In commenting on Allan's analysis, Eisler (1981b)
agreed that "equality between the ratio prescribed by
the experimenter and the subjective ratio correspond
ing to it is a necessary condition for the computation
of a valid exponent. I likewise concede that this con-
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dition is not always met-although with the excep
tion of duration reproduction, which formally corre
sponds to a ratio of unity .... [T]he observer func
tions as a null instrument with no opportunity to
deviate from the prescribed ratio . . .. [E]xponents
obtained from reproduction should be correct, whereas
data based on other ratios mayor may not agree"
(p. 518). The power in Eisler's (1975) parallel-clock
model resides in its ability to extract the same value
of the exponent across different ratio-setting tasks.
However, if only reproduction exponents can be
estimated, the model loses its appeal. Moreover, the
empirical linear relationship between variable setting
and standard duration, as Allan (1978) noted, is com
patible with a linear psychophysicallaw for temporal
intervals.

Support for a linear psychophysical function has
been demonstrated in two quite different scaling
tasks, category ratings of duration intervals and syn
chronization of a response with a temporal event.
Curtis and Rule (1977) applied their two-stage model
to category ratings of temporal intervals, and
Blankenship and Anderson (1976) made use of the
functional measurement approach (see Anderson,
1977) in analyzing their data. The data from both
category rating studies are consistent with a linear
psychophysical function. Hopkins (1982), Hopkins
and Kristofferson (1980), and Kristofferson (1976)
have presented synchronization data that are in agree
ment with the viewthat internal time is real time.

Eisler (1981a, 1981b) has argued that his parallel
clock model, which postulates the power function as
the psychophysical law, can account for discrimina
tion data. Eisler (1981a) reanalyzed Allan's (1977)
discrimination data and found that, while a single
three-parameter power function did not provide a
good fit to the data, a segmented function did. How
ever, as Eisler (1981a, Footnote 6) himself notes, he
cannot provide a convincing account for the break
in the function. Eisler (1981b) also suggested that his
model can account for important aspects of
Kristofferson's (1977) data. Kristofferson used the
many-to-few, single-stimulus task (Allan &
Kristofferson, 1974), with four stimulus durations and
two response alternatives. He showed that, with ex
tended training, the shortest and longest durations
were perfectly discriminated. Eisler (1981b) attempts
to show that his model can account for this result.
In his proof, he takes the specialcases of the shortest
duration on Trial n - 1 followed by the shortest on
Trial n, and of the longest duration on Trial n - 1
followed by the longest on Trial n. His analysis im
plies that a correct response on Trial n depends upon
the duration value on Trial n - 1. There is no indica
tion of this dependency in the data (Kristofferson,
Note 4). It is our view that Eisler has not presented a
strong case for his model in relation to discrimination
data.

There is considerable research concerned with the
subjective time scale in animals, mainly the rat and
the pigeon. Two procedures are commonly used,
temporal differentiation and bisection. Temporal
differentiation schedules specify that reinforcing
events follow responses of specified durations. Platt
(1979), in his review of temporal differentiation per
formance, showed that under appropriate experi
mental conditions, the exponent of the power func
tion is virtually 1.00. In one version of bisection (see
Church & Deluty, 1977), the animal is trained with
two durations, one short and one long. Reinforce
ment is provided for response Rs to the short dura
tion and response RL to the long duration. During
test, intermediate unreinforced durations are pre
sented. Gibbon (1981) showed that a power function
with an exponent of 1.00 provides an excellent descrip
tion of bisection data and that the analysis was insen
sitive to the value of the exponent for values as dif
ferent as .64 and 1.00.

Our purpose in the present paper is to examine
carefully the claim that magnitude estimates of tem
poral intervals provide support for a nonlinear power
function as the psychophysical law. The traditional
approach in magnitude estimation has been to collect
a few observations from a relatively large number of
subjects and to obtain estimates of the power func
tion exponent from data averaged over subjects (see
S. S. Stevens, 1971, 1975). Some investigators (e.g.,
Green & Luce, 1974; Luce& Mo, 1965) havecautioned
that, given the large between-subject variability in
magnitude estimation performance, averaging across
subjects may distort the true functional form. Even
when temporal interval exponents have been estimated
from the responses of individual subjects, they have
been based.on relatively few observations (Eisler,
1975; Kiinnapas et al., 1973). We will report data
from a study in which a minimum of 70 estimates
were obtained for each duration value from each of
11subjects. The availability of a relatively large num
ber of observations, from each of many subjects, will
provide more reliable estimates of the power function
exponent. Also, the relationship between exponent
size and practice can be examined. Eisler (1976) has
suggested that exponents tend to increase with ex
tended practice. In his collection of exponents from
numerous studies, he noted that the largest values
typically came from experienced subjects, although
not all studies showed the effect.

The lognormal model of error is often assumed,
explicitly or implicitly, for magnitude estimation
data (J. C. Stevens, 1957, 1958; S. S. Stevens, 1971),
and S. S. Stevens (1971; Stevens & Greenbaum, 1966;
Stevens & Guirao, 1962) has stressed the constancy
over stimulus values of the coefficient of variation
(or of the standard deviation of the logarithms of
the magnitude estimates). Generally, lognormality
has been evaluated for distributions averaged over



subjects, and, likewise, variance has been determined
by averaging over subjects, thus confounding within
subject and between-subject variation. Few magni
tude estimation studies have examined the distribu
tional characteristics of the data from individual sub
jects. Those that do, do not support the lognormal
model (Jesteadt, Luce, & Green, 1977; Luce & Mo,
1965). Studies by Eisler (1962, 1963; Eisler &
Montgomery, 1974; Montgomery & Eisler, 1974)
have shown that the within-subject variance of the
log responses is not homogeneous across stimulus
values. None of the magnitude estimation studies of
temporal intervals have examined the shape or the
variance of the response distributions of individual
subjects. This willbe done in the present paper.

We will examine both the two-parameter and three
parameter power functions, and we will fit the data
using linear and nonlinear estimation procedures.
Our purpose is to demonstrate that conclusions de
rived from magnitude estimation data about the psy
chophysicallaw for temporal intervals are very much
influenced by the curve-fitting procedure used.
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METHOD

Data from 11 paid subjects, members of the University com
munity, are reported. The subject was seated in a dimly illuminated,
sound-attenuated, lAC chamber, approximately 66 em from a
visual display unit consisting of small indicator bulbs. One bulb
was used to mark the beginning of a trial, another to mark the
response period.

The durations to be judged were marked by a I,OOO-Hz tone at
an amplitude of about 70 dB, produced by a Wavetek function
generator and presented binaurally over earphones. The presenta
tion and timing of all trial events were controlled on-line by a
PDP-8/e computer.

Each trial began with a SOO-msec visual warning light, followed
1 sec later by the auditory duration stimulus. The response light
was turned on at the end of the duration stimulus and remained on
for 6.5 sec. The subject recorded his response on a mimeographed
sheet during this interval. The next trial began immediately after
the response period.

The three experimental conditions, which differed in the values
of the 15 duration stimuli, are shown in Table 1. Under the full
range (FR) condition, stimuli ranged from 20 to 8,100 msec; under
the short-range (SR) condition, they ranged from 20 to 300 msec;
and under the long-range (LR) condition, they ranged from 400 to
8,100 msec. The order of the three conditions is indicated in Ta
ble Id for each subject. One subject (S.H.) did not participate
under the FR condition.

Tableta
Symmetry CoefficieDts: Loa Data

Pull Range 20 50 100 250 500 600 750 1000 1300 1800. 2500 3300 4500 6000 8100

1IIt(80) 0.06 -0.23 -0.22 -0.29 -0.48 -0.62 -0.27 -0.73* -0.50 -0.60 -0.57 -0.54 -0.30 -0.24 0.09
PH(85) -0.43 -0.42 -0.46 . -1.51* -0.00 0.66* 0.62* 0.76* 1.28* 0.93* 0.57 0.56 0.58 0.58 0.57
NB(75) 8.49* 1.64* 2.54* -1.46* 0.72* -0.09 -1.86* 8.49* 1.41* 0.40 0.51 -0.15 -0.31 -0.01 -4.65*
C1l(85) 1.56* 0.29 -0.22 0.76* -0.01 0.56 0.04 -1.02* 0.03 0.53 0.76* 0.7()1r 0.55 0.43 0.63*
DS(85) 9.06* -0.10 -0.96* -2.46* -0.81* -0.98* -3.91* -1.49* -0.44 0.07 1.09* -0.43 -0.06 -0.67* -4.50*
RL(85) 6.29* 0.7()1r -2.11* 0.06 0.03 0.25 -0.18 -1.I()1r 1.93* -6.29* -9.06* -2.87* '-0.16 -0.69* -0.21
DL(85) 4.28* 1.07* 0.53 ·0.27 -0.71* -0.22 -0.74* -0.84* -1.26* -0.63* -1.07* -0.53 -1.84* -0.50 -0.75*
HK(85) 9.06* -6.29* 0.39 2.78* 0.28 0.01 1.21* -0.74* -0.10 -1.05* -0.29 0.25 -0.52 -0.19
CAD(85) 1.83* 0.69* -0.15 -1.88* 0.37 -0.14 -1.27* -0.7()1r -r.oo« 0.82* 0.51 -0.04 -0.61 0.37 -1.95*
PV0(85) 5.04* -1.56* 2.76* -2.74* 0.05 1.44* 0.46 -0.24 0.21 0.12 0.52 -3.78* -7.27* 0.51 0.11

Short Range 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300

1IIt(115) 2.39* 1.80* 0.94* 0.35 -0.13 -0.40 -0.96* -1.I()1r -0.98* -0.55* -0.41 -0.22 -0.57* -0.81* -0.69*
PH(90) 0.13 -1.39* -1.08* -1.34* 0.29 0.43 0.49 -0.26 0.03 0.07 -0.35 -0.50 -0.8()1r -0.75* -0.51
NB(l25) 2.91* 3.35* 0.56* -0.92* -2.95* -0.10 0.45 -0.47 -1.05* -1.08* -0.55* 0.97* -0.11 -0.18 -0.93*
CIl(100) 0.81* -0.30 -0.30 -0.23 -0.13 -0.04 -0.38 -0.64* -0.34 0.04 -0.24 -0.44 -0.12 -1.31* -0.36
DS(lOO) -1.28* -1.19* -1.42* -1.44* -1.5()1r -1.53* -1.17* -1.49* -1.46* -1.23* -1.38* -1.42* -1.42* -1.28* -1.32*
RL(115) 1.I()1r -0.44 -0.10 -1.02* -0.97* -0.78* -0.8()1r -0.35 -0.68* -1.11* -0.82* -0.8()1r -0.81* -2.45* -5.08*
DL(l20) 0.18 0.33 0.78* 0.17 -0.19 -0.33 -0.74* -0.52* -1.22* -1.11* -0.98* -1.74* -1.75* -0.61* -0.52*
HK(125) -1.63* 0.9()1r -0.18 -0.81* 0.09 0.78* 0.64* -0.05 -0.65* -0.81* -0.57* -0.42 -0.05 -0.30
CAD(l30) 3.42* 1.69* 0.9()1r 2.39* 1.04* 1.39* 1.77* 0.77* 0.72* 0.35 0.02 -0.11 0.02 -0.22 -0.25
PVO( 115) 0.52 0.97* 0.48 0.01 0.16 0.29 0.38 -0.05 -0.21 -0.33 -0.24 -0.84* 0.40 -0.71* 0.49
S8(100) -1.56* -0.14 -0.16 -0.59* -0.39 -0.20 0.13 0.11 -0.10 -0.23 -0.17 -0.19 -0.19 -0.81* -0.39

Long Range 400 950 1500 2050 2600 3150 3700 4250 4800 5350 5900 6450 7000 7550 8100

1IIt(85) 1.81* -0.39 -0.69* -0.48 0.02 -0.40 -0.60 -0.49 -1.2()1r -2.15* -0.75* -2.04* -1.11* -1.79* -1.78*
PH(70) 5.66* -0.98* -0.47 -0.42 -0.24 0.00 -0.35 -0.35 -0.25 -0.69* -0.30 -0.64 -0.36 -0.34 -0.27
NB(85) -6.09* -0.7()1r 0.60 -0.83* -1.02* 0.66* 0.34 0.00 0.08 0.37 0.02 0.15 0.17 -1.36* -3.20*
C1l(80) -0.35 -1.48* -1.3()1r -0.28 -0.51 -0.47 -0.48 -0.42 -0.22 -0.36 -0.20 -0.47 -0.34 -0.55 -0.48
DS(85) 3.04* -1.05* -0.78* -0.42 -0.39 -0.15 -0.26 -0.11 -0.08 -0.60 . 0.02 -2.37* -0.10 0.37 -4.07*
RL(100) 5.51* 2.36* -1.45* :"0.63* 0.58* -0.22 0.29 -0.82* -0.16 -1.09* -0.19 -0.24 -2.06* -2.87*
DL(75) -0.95* 0.17 -0.35 -1.52* -0.36 -0.27 -0.67* -0.07 -0.86* -0.88* -0.9()1r -0.57 -0.60 -0.45 -0.22
HK(70) 2.49* 2.1()1r 1.77* 1.61* 1.65* 1.56* 1.67* 1.89* 1.58* 1.71* 1.72* 1.69* 1.79* 1.65* 1.73*
CAD(100) -2.27* 0.24 0.30 0.35 0.05 0.42 -0.45 -0.7()1r -0.09 0.32 0.26 0.34 0.55 -0.53 -6.19*
PVO(85) 6.29* 1.31* -0.67* 1.951" -1.69* -1.08* -0.71* 1.68* -0.07 -1.3()1r -0.39 -1.14* -0.56 -0.71* -2.2()1r
88(80) -1.4()1r -0.11 -0.13 0.42 0.35 0.39 0.62 0.56 0.50 0.27 0.41 0.35 -0.01 0.18 0.45

Note-Under the lognormal hypothesis, starred (*) values lie beyond the 1st or 99th percentile of the sampling distribution ofVb,.
Dashes (--) are for zero variance conditions. Bracketed numbers indicate the number of observations per subject per stimulus.
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Tablelb
Kurtosis Coefficients: Log Data

Full Range 20 50 100 250 500 600 750 1000 1300 1800 2500 3300 4500 6000 8100

IlK 3.639 1.978* 2.398 2.642 2.725 2.626 2.248 3.237 3.139 2.475 2.381 2.362 2.370 2.124* 2.167
PM 1.503* 1.731* 1.868* 6.090* 2.503 2.589 2.536 2.388 4.769* 2.352 1.525* 1.501* 1.470* 1.461* 1.450*
NB 73.01* 12.01* 9.472* 4.321 2.507 1.616* 4.441 73.01* 3.398 6.687* 5.962* 3.024 2.598 4.305 34.21*
CM 4.554* 2.966 3.708 3.143 2.834 2.645 1.848* 4.791* 1.594* 2.955 3.952 3.503 2.359 2.246 2.378
OS 83.01* 1.260* 3.943 12.98* 2.102* 4.065 27.46* 11.68* 2.162 2.060* 5.642* 2.738 2.830 3.815 33.80*
RL 40.53* 2.481 8.456* 3.111 4.630* 2.673 4.239 2.213 4.719* 40.53* 83.01* 28.64* 1.436* 2.102* 2.796
OL 19.30* 8.657* 2.764 3.003 3.083 2.663 3.215 4.318 7.205* 3.338 4.963* 3.256 11.72* 3.097 3.247
HH 83.01* 40.53* 1.189* 8.729* 1.577* 3.794 5.255* 2.394 1.508* 6.549* 2.107* 2.320 2.199 1.753*
CAD 8.297* 2.810 1.859* 6.080* 6.502* 1.975* 8.964* 4.902* 6.888* 4.821* 2.893 2.587 4.207 3.513 13.82*
PVO 26.37* 5.980* 9.238* 12.52* 3.789 13.94* 3.492 3.287 3.629 3.211 5.325* 27.29* 63.04* 3.082 2.778

Short Range 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300

IlK 8.560* 6.138* 3.457 1.807* 1.718* 1.744* 2.922 4.479* 7.014* 4.903* 3.205 2.841 3.281 3.496 3.042
PM 1.554* 4.744* 4.388 6.279* 3.316 3.393 3.402 3.341 2.417 2.272 2.390 2.590 2.684 2.655 2.580
NB 9.460* 25.63* 1.752* 2.201* 13.08* 7.677* 1.264* 1.385* 2.914 7.385* 6.664* 2.225* 2.308 1.17 5* 3.124
CM 2.038* 3.615 2.487 3.309 2.372 2.927 2.689 4.013 2.679 2.326 2.686 4.067 2.297 5.158* 2.674
OS 4.754* 3.613 4.410* 4.656* 4.478* 4.994* 4.657* 4.727* 4.777* 3.937 4.323 4.443* 4.778* 4.510* 4.114
RL 2.505 2.631 2.538 2.877 3.420 4.872* 4.348* 1.991* 3.554 4.186 4.497* 3.269 2.617 9.071* 26.79*
OL 8.322* 5.551* 3.955 2.976 2.191* 2.723 3.248 2.683 3.871 4.77 5* 6.042* 9.408* 9.917* 3.121 2.610
HH 3.660 4.303* 1.573* 5.168* 4.451* 4.040 2.873 1.554* 2.092* 5.615* 5.565* 4.851* 1.985* 1.941*
CAD 21.95* 7.765* 4.554* 12.47* 4.065 5.058* 3.724 3.367 3.133 2.418 3.019 3.442 2.524 3.038 3.651
PVO 2.212* 3.044 2.049* 2.038* 2.254 2.401 1.823* 2.035* 2.384 3.328 3.241 4.911* 2.241 5.980* 2.398
SH 6.744* 3.446 1.955* 2.773 3.056 3.443 3.190 2.480 3.855 2.779 3.123 3.854 3.675 3.491 3.171

Long Range 400 950 1500 2050 2600 3150 3700 4250 4800 5350 5900 6450 7000 7550 8100

IlK 4.269 2.335 3.373 3.272 2.529 2.484 3.629 2.644 5.277* 9.001* 2.697 9.560* 3.593 7.013* 5.907*
PM 33.03* 2.497 3.366 2.982 3.382 2.707 2.207 2.219 2.173 3.081 2.162 2.600 2.347 2.441 2.687
NB 38.71* 2.294 3.829 9,697* 2.418 2.659 8.504* 3.017 3.575 4.395 2.604 2.900 3.397 8.327* 20.79*
CM 5.228* 4.868* 4.022 1.413* 3.070 2.296 2.572 2.440 1.994* 2.856 2.344 2.395 2.042* 2.503 2.522
OS 10.23* 9.870* 2.253 2.717 3.616 7.464* 2.912 3.072 2.575 3.354 2.690 15.26* 3.866 2.164 29.81*
RL 31.37* 52.45* 3.816 1.396* 1.340* 2.488 7.539* 3.333 2.692 3.137 2.929 2.401 6.526* 9.210
OL 17.72* 3.654 1.795* 5.760* 2.620 2.538 2.584 2.945 3.103 3.586 3.647 2.320 3.064 2.332 1.617*
HH 8.026* 5.678* 5.076* 4.874* 4.538 4.317 4.983* 5.230* 4.499 4.893* 4.709* 4.663* 5.252* 4.699* 5.127*
CAD 13.40* 3.785 1.883* 4.877* 3.584 2.951 5.733* 4.584* 4.219 2.562 3.329 2.541 3.492 4.137 52.81*
pva 40.53* 4.011 10.19* 13.62* 4.257 2.318 2.451 9.129* 5.606* 4.793* 6.788* 4.404 2.795 2.695 7.011*
SH 3.230 1.476* 6.740* 1.830* 2.891 3.136 2.766 2.527 3.002 2.579 2.861 2.269 2.203 2.162 2.393

Note-Under the lognormal hypothesis, starred (*) values lie beyond the 1st or 99th percentile of the sampling distribution ofb•. Dashes
(-----)arefor zero variance conditions.

Table Ie
Sample Variances: Log Data

Full Range 20 50 100 250 500 600 750 1000 1300 1800 2500 3300 4500 6000 8100 rho

IlK 0.315 0.328 0.337 0.302 0.286 0.309 0.303 0.293 0.267 0.252 0.282 0.303 0.288 0.365 0.350 -.09
PM (@@) 0.940 0.996 1.175 0.686 0.221 0.160 0.213 0.255 0.526 1.033 1.258 1.158 1.189 1.202 1.339 .57
NB (@@) 0.004 0.018 0.045 0.067 0.064 0.072 0.011 0.001 0.021 0.012 0.014 0.013 0.010 0.013 0.025 -.20
CM (@@) 0.265 0.270 0.200 0.162 0.160 0.142 0.172 0.076 0.049 0.032 0.021 0.026 0.024 0.021 0.022 -.95
OS (@@) 0.006 0.129 0.091 0.037 0.018 0.015 0.010 0.020 0.013 0.009 0.009 0.008 0.008 0.007 0.012 -.51
RL (@@) 0.011 0.189 0.078 0.037 0.030 0.055 0.024 0.016 0.021 0.004 0.001 0.002 0.006 0.003 0.003 -.79
OL (@ ) 0.022 0.038 0.122 0.109 0.159 0.157 0.156 0.146 0.148 0.105 0.121 0.160 0.167 0.098 0.078 .21
HH (@@) 0.003 0.006 0.112 0.000 0.014 0.048 0.022 0.023 0.026 0.020 0.013 0.011 0.012 0.009 0.011 .00
CAD (@@) 0.239 0.343 0.357 0.154 0.215 0.101 0.078 0.082 0.087 0.059 0.037 0.038 0.028 0.028 0.056 -.93
pva (@ ) 0.016 0.061 0.053 0.031 0.045 0.039 0.034 0.024 0.025 0.029 0.023 0.038 0.159 0.015 0.014 -.37

Short Range 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 rho

!f{ (@@) 0.006 0.036 0.038 0.062 0.056 0.071 0.047 0.036 0.027 0.022 0.018 0.016 0.014 0.016 0.011 -.50
PM (@@) 0.217 0.172 0.065 0.054 0.029 0.036 0.038 0.058 0.059 0.058 0.068 0.043 0.052 0.021 0.027 -.56
NB (@@) 0.021 0.101 0.124 0.101 0.030 0.031 0.037 0.036 0.029 0.017 0.011 0.016 0.022 0.021 0.021 -.59
CM (@@) 0.135 0.080 0.069 0.061 0.035 0.038 0.048 0.054 0.047 0.027 0.028 0.019 0.019 0.023 0.014 -.93
OS 0.257 0.449 0.445 0.428 0.436 0.358 0.339 0.373 0.378 0.266 0.287 0.118 0.270 0.244 0.295 - .57
RL (@@) 0.181 0.145 0.164 0.114 0.095 0.070 0.074 0.062 0.037 0.045 0.028 0.019 0.013 0.008 0.002 -.99
OL (@@) 0.026 0.111 0.102 0.125 0.130 0.139 0.179 0.119 0.125 0.092 0.052 0.074 0.076 0.045 0.031 -.38
HH (@@) 0.000 0.025 0.015 0.022 0.013 0.019 0.024 0.028 0.037 0.032 0.017 0.016 0.016 0.014 0.013 -.06
CAD (@@) 0.031 0.054 0.043 0.088 0.064 0.083 0.101 0.123 0.116 0.149 0.127 0.137 0.114 0.119 0.099 .74
pvo (@@) 0.320 0.810 0.785 0.752 0.744 0.470 0.452 0.348 0.311 0.244 0.228 0.176 0.122 0.136 0.102 -.90
SH (@ ) 0.019 0.063 0.059 0.059 0.052 0.055 0.059 0.047 0.054 0.050 0.048 0.047 0.053 0.058 0.045 -.37
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Tablete continued

Long Range 400 950 1500 2050 2600 3150 3700 4250 4800 5350 5900 6450 7000 7550 8100 rho

MK (@@) 0.066 0.051 0.094 0.053 0.055 0.048 0.023 0.038 0.042 0.059 0.021 0.023 0.034 0.021 0.020 -.80
PM 0.013 0.097 0.097 0.080 0.077 0.088 0.070 0.084 0.097 0.081 0.076 0.072 0.090 0.069 0.072 -.22
NB (@@) 0.011 0.061 0.025 0.008 0.013 0.014 0.006 0.012 0.012 0.008 0.009 0.010 0.007 0.009 0.012 -.41
CM (@ ) 0.088 0.063 0.033 0.021 0.022 0.019 0.020 0.019 0.018 0.015 0.013 0.018 0.015 0.016 0.016 -.89
DS (@@) 0.036 0.034 0.036 0.025 0.018 0.022 0.014 0.010 0.010 0.007 0.007 0.010 0.005 0.005 0.008 -.91
RL (@@) 0.014 0.000 0.004 0.013 0.011 0.008 0.012 0.004 0.004 0.005 0.005 0.004 0.006 0.002 0.001 -.45
DL (@@) 0.024 0.136 0.171 0.061 0.062 0.043 0.049 0.035 0.052 0.060 0.051 0.055 0.053 0.051 0.046 -.23
MM 0.023 0.047 0.055 0.058 0.045 0.042 0.034 0.039 0.033 0.035 0.039 0.038 0.039 0.034 0.035 -.36
CAD (@@) 0.033 0.023 0.017 0.017 0.015 0.010 0.016 0.013 0.011 0.012 0.009 0.011 0.008 0.011 0.052 -.48
PYO (@@) 0.011 0.027 0.016 0.014 0.006 0.007 0.009 0.011 0.005 0.004 0.006 0.005 0.004 0.004 0.002 -.88
SH (@@) 0.139 0.115 0.051 0.057 0.092 0.104 0.102 0.118 0.113 0.125 0.121 0.117 0.143 0.107 0.113 .29

Note-@s indicate that these values differ significantly for this subject. Two of them indicate significant differences even if the
responses to the four extreme stimuli are excluded from analysis.

Tabield
Arithmetic MeanResponse

Full Range 20 50 100 250 500 600 750 1000 1300 1800 2500 3300 4500 6000 8100

II( (I) 1.083 1.530 1.880 3.059 4.281 4.744 5.706 6.625 7.756 9.394 12.35 14.89 18.64 24.79 33.01
PM (I) 0.272 0.449 0.765 1.525 2.300 2.753 3.047 3.518 6.212 13.73 21.75 26.75 37.14 51.46 73.75
NB (3) 0.303 0.517 0.560 0.927 1.248 1.447 1.920 2.007 2.193 3.127 4.173 5.387 7.447 9.420 12.27
CM (I) 0.156 0.333 0.491 0.661 1.194 1.341 1.606 2.094 2.612 3.435 4.306 5.671 7.365 9.482 12.79
DS (3) 1.012 1.577 2.047 2.918 3.730 3.882 3.977 4.353 4.730 5.388 6.353 7.330 8.988 10.81 13.52
RL (3) 0.102 0.274 0.491 0.681 0.990 1.119 1.612 1.871 2.153 2.977 3.988 4.988 6.588 8.718 11.52
DL (3) 0.105 0.217 0.320 0.559 0.998 1.162 1.211 1.507 1.986 2.459 3.166 3.860 4.978 6.260 8.155
MM (I) 0.302 0.495 0.701 1.000 2.094 2.524 3.259 4.365 6.153 8.553 11.90 15.59 21.33 28.46 37.93
CAD (1) 0.161 0.309 0.476 0.796 1.437 1.661 1.973 2.382 3.021 4.135 5.495 7.086 9.051 11.72 15.99
pya (I) 0.518 0.947 1.118 1.965 2.730 3.024 3.377 4.235 5.318 6.930 9.224 11.74 15.68 20.74 28.00

Short Range 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300

II( (2) 4.148 5.274 5.983 6.939 7.617 8.609 9.452 10.92 11.92 12.99 14.17 14.64 15.21 15.77 16.03
PM (3) 0.183 0.394 0.486 0.559 0.587 0.668 0.753 0.851 0.917 0.980 1.082 1.191 1.233 1.353 1.343
NB ( 2) 0.318 0.534 0.708 0.881 0.986 1.076 1.191 1.307 1.390 1.491 1.543 1.627 1.708 1.760 1.814
CM (2) 0.141 0.261 0.323 0.377 0.408 0.437 0.462 0.493 0.521 0.563 0.589 0.610 0.638 0.656 0.680
DS (I) 0.995 1.606 1.988 2.263 2.460 2.548 3.015 3.250 3.740 4.190 4.580 4.880 5.290 5.440 5.610
RL (I) 0.288 0.738 1.283 1.726 1.931 2.261 2.609 3.009 3.426 3.661 3.991 4.461 4.617 4.835 4.965
DL (2) 0.111 0.209 0.285 0.339 0.429 0.486 0.596 0.724 0.902 1.001 1.096 1.253 1.342 1.510 1.608
MM (3) 0.200 0.282 0.319 0.362 0.397 0.425 0.464 0.527 0.610 0.671 0.728 0.765 0.809 0.846 0.888
CAD (2) 0.116 0.162 0.187 0.220 0.236 0.253 0.274 0.302 0.335 0.403 0.423 0.477 0.500 0.548 0.599
pya (2) 0.526 1.809 2.781 4.070 4.970 6.407 7.565 8.931 10.22 11.57 13.36 14.79 16.26 17.22 18.41
SH (2) 1.470 2.075 2.545 2.960 3.300 3.590 3.940 4.130 4.600 4.660 4.920 5.290 5.620 5.620 6.030

Long Range 400 950 1500 2050 2600 3150 3700 4250 4800 5350 5900 6450 7000 7550 8100

II( (3) 5.824 14.71 22.59 27.59 31.24 35.35 39.41 41.97 45.57 47.78 51.72 54.05 54.59 57.93 58.51
PM (2) 1.029 1.786 2.700 3.557 4.414 5.400 6.643 7.343 8.172 9.057 10.02 10.72 11.90 12.73 13.39
NB (I) 0.986 1.634 2.137 2.962 3.708 4.357 5.031 5.831 6.370 7.153 7.641 8.348 8.958 9.613 10.24
CM (3) 1.000 1.888 2.813 3.613 ,4.369 5.200 5.975 6.788 7.556 8.225 9.025 9.744 10.57 11.45 12.10
DS (2) 1.082 2.071 2.753 3.530 4.165 4.941 5.647 6.341 7.047 7.659 8.577 9.071 9.859 10.66 11.18
RL (2) 1.030 2.000 3.010 3.830 4.650 5.360 5.980 7.030 7.820 8.460 9.510 10.12 10.86 11.75 11.91
DL' (I) 2.007 4.214 7.400 10.19 12.13 14.52 17.00 19.02 21.32 22.46 24.36 26.59 28.74 29.84 32.24
MM (2) 2.143 4.500 7.043 9.172 11.57 13.94 15.97 18.34 20.62 22.86 25.19 27.53 29.72 31.52 33.90
CAD (3) 1.960 3.280 4.590 6.010 7.380 8.850 10.26 11.65 13.05 14.52 15.74 17.47 18.79 20.10 21.11
PYO (3) 3.071 6.318 9.247 12.07 14.50 17.19 19.52 22.10 24.14 26.48 29.47 31.85 34.17 36.71 38.24
SH (I) 4.438 7.850 10.61 12.90 15.76 18.95 21.06 23.75 26.54 30.50 32.60 36.75 39.56 42.94 45.79

Note- The order of conditions for each subject is indicated by the brackets. For example, MK (1) indicates that the FR condition was
thefirst for MK.
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The first block of trials under each condition was a practice
block, consisting of 30 trials. All other blocks consisted of 75 trials,
each duration value occurring five times. There were either three
or four blocks per session and six or seven sessions per condition.
The number of responses per subject per stimulus duration is listed
in Table la. '

The instructions, with appropriate modifications, were taken
from S. S. Stevens (1975, p. 30), and were read by the subject.

The multiplicative error term £i is a random variable
to which, for a fixed +, all variability in tpj is attributed.
According to the model, £i is lognormally distributed
and the variance of £i is constant over all values of +.
In a magnitude estimation task, it is assumed that
numbers, Ri, are matched directly to a given +and
that they are proportional to tpi. Thus,

If R is an appropriately averaged estimate of atpi,
then R =atp and the two-parameter power func
tion is written as

If the random variable £j is lognormally distributed,
then log £i is normally distributed. The population
centrality and variability parameters of £j and of log £i

are (Johnson & Kotz, 1970):

Instructions
At tbe beginning of tbe first condition. "You will be presented

with a series of tones in irregular order. Your task is to tell how
long they are by assigning numbers to them. Call the first tone any
number that seems appropriate to you. Do not feel that you should
think in terms of seconds. After you have assigned a number to
the first tone, assign numbers to the next stimuli in such a way
that they reflect your subjective impression. There is no limit to
the range of numbers that you may use. You may use whole num
bers, decimals, or fractions. Try to make each number match the
length as you perceive it.

"Before each tone comes on, a light (the left one) will be turned
on briefly, as a warning stimulus. After the tone goes off, the
other light (the right one) will come on, and signal the response
interval. During this interval, you should write down the number
that you assigned to the tone on the paper provided to you.

"On the paper, please complete each column before you start
the next one. I have numbered the first 10 places that you should
enter a number."

At tbe beglnninll of tbe second and tblrd conditions. "You are
moving into a new phase in this experiment, and you will find that
the range of stimuli has been changed. During the first block you
will be presented with each of the new stimuli at least once. The
first block will contain only 30 trials. The next blocks will, as usual,
contain 75 trials."

arithmetic mean
median
geometric mean
variance

ev : a'/'

eli
eli

e21i+a' (ea' -1)

(2)

(3)

log £

IJ

IJ
undefined

0 2

The subjects were not explicitlyrequested to base their numerical
judgments on a comparison with the last preceding stimulus, be
cause Ward (1971, 1973)indicates that this is a means of maximiz
ing sequential effects, which we preferred to minimize.

RESULTS AND DISCUSSION

The magnitude estimates (MEs) from the response
sheets were entered into either the PDP-8/e or a Pet
computer and stored on disks. Summary statistics
based on all responses, excluding the practice block
of 30 trials, are shown in Table 1.

The Lognormal Model of Error
It is a nearly universal practice to analyze log MEs.

The average used is the arithmetic mean of the log
responses, the curve-fitting procedure is linear re
gression in log-log coordinates, and tests of fit, if
conducted, are in these coordinates. Support for this
approach is based largely on the lognormal model of
error.

According to the lognormal model (see Cross, 1974),
the presentation of a physical stimulus, +, produces
a perceptual or subjective response of variable mag
nitude, tpi, which is related to +by the following psy
chophysicallaw:

(1)

In this notation, for a given +, atp =eli and IJ=log(atp).
Both the geometric mean (OM) and the median are
unbiased estimates of atp, although the OM is more
efficient, and therefore, for the two-parameter power
function (Equation 3), the appropriate average is
the OM. The arithmetic mean (AM) is eIi+ a212 and
is therefore biased upwards in estimating IJ.

Since the AM of the log responses is the log OM of
the responses, unbiased averaging is most conven
iently carried out after log transformation. Further
more, since log R, =log £i + fJlog+ + loge, the trans
form is ideal for least squares analysis. Under the as
sumptions of the lognormal model of error, log trans
formation is justified.

To our knowledge, the lognormal model has never
been examined for magnitude estimates of temporal
intervals. However, along other stimulus dimensions,
the model has received general acceptance since it
was proposed by J. C. Stevens (1957, 1958) for mag
nitude estimation. J. C. Stevens (1957) asked each of
70 subjects to make one estimate about seven differ
ent stimulus values. He found that, for each stimulus
value, the distribution of the 70 estimates, when
plotted in log-probability coordinates, was "roughly
linear" (p. 5), indicating that the "logarithmically
transformed estimates are distributed fairly normally"
(p. 5). He also found that the OM and the median
were very similar (see also S. S. Stevens, Carton, &



Shickman, 1958), as would be expected from the
model. There have been a few negative reports
(Jesteadt et al., 1977; John, 1971; Luce & Mo, 1965).
Given the wide acceptance of the lognormality hy
pothesis, we were surprised to find that lognormality
provides a very poor description of our data. In par
ticular, the skew of the raw data is often negative
and the variances of the log responses are not constant
across stimulus values.

LogDormality. According to the lognormal model,
the expected values for the coefficients of symmetry
(Vift) and of kurtosis (J31) are 0 and 3, respectively,
for the log responses. An examination of Tables 1a
and 1b suggests that the sample values,~ and b1 ,

often appear to differ from the expected values. The
R test (pearson, D' Agostino, & Bowman, 1977) was
used to determine the significance of these deviations.
The critical values were the upper and lower 10'/0 points
of the null distribution of v"1>. and b1 (D'Agostino
& Pearson, 1973), yielding a nominal rejection rate
per test of less than .04 (pearson et al., 1977, p, 234).
As an illustration of the rejection rule, for n =70,
Ho is rejected if v'1>t lies outside the interval (- .673,
.673)or if b1 lies outside (2.08, 4.63). Starred (*) values
in Tables 1a and 1b are significant by this criterion.
Of the 477 distributions (there were three zero-vari
ance distributions), 301 (630'/0) are rejected. The re
jections are spread across all subjects, all durations,
and all ranges. The significance levels were not cor
rected for multiple testing, because the resulting
critical values would have been unrealistically ex
treme. Some rejections are expected on the basis of
chance alone, but Ho is rejected so often that the neg
ative results cannot be accounted for solely on this
basis.

This rejection of the hypothesis of normality of the
log responses is consistent with the findings of Jesteadt
et al. (1977) and Luce and Mo (1965) for response
distributions of individual subjects. John (1971) de
termined the skew of the individual response distri
butions but only reported the mean values. His data
also rejected lognormality.

Variability. As with lognormality, the confound
ing of within-subject and between-subject variation
has clouded the study of the variability of MEs. When
all the responses of all subjects to a stimulus value
are pooled for the calculation of the variance, a fre
quent, though not inevitable, result is a constant vari
.ance of the log responses across stimulus values. If
we restrict attention to studies dealing with responses
of individual subjects, we find many reports of non
homogeneity of variance of log MEs (for example,
Eisler, 1962, 1963; Eisler & Montgomery, 1974; John,
1971; Luce & Mo, 1965; Montgomery, 1975;
Montgomery & Eisler, 1974; Pradhan & Hoffman,
1963).

To test the homogeneity of the variances of the log
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data (Table lc) for individual subjects, we extended
a distribution-free procedure for the two-sample case
suggested by Moses (1963; described by Hollander
& Wolfe, 1973). In the two-sample case, each sample
is randomly divided into a set of subsamples, the vari
ance of each subsample is estimated, and the two
sets of variances compared using the Mann-Whitney
U test. If the variance of one population is larger
than that of the other, the subsample variances will
also be larger, leading to rejection of the hypothesis
of homogeneity by the U test.

The generalization to more than two samples is
straightforward. For each subject/condition, each of
the 15 distributions was randomly (triple randomiza
tion by the computer) subdivided into five sub
samples, the variance of each subsample was calcu
lated, and the five estimates per distribution were
compared among the 15 distributions using the
Kruskal-Wallis test. In 28 of the 32 subject/conditions,
indicated by ampersands in Table 1c, homogeneity
is rejected (uncorrected Q = .05). Given the evidence
of nonhomogeneity, we computed Spearman correla
tions between stimulus magnitude and the variance
of the log data. (Since the mean responses of the sub
jects virtually always increased with duration, this is
equivalent to correlating response magnitude and
variance). The correlations are also listed in Table lc,
and in 27 of the 32 cases they are negative. In general,
then, variability of the log responses, for individual
subjects, tends to decrease with response magnitude.

Eisler (1962, 1963) has noted that the variances of
MEs to the largest and smallest stimuli of the range
are often too small. To check that end effects did not
provide the sole basis for rejection of homogeneity,
we excluded the responses to the two largest and two
smallest stimuli of the range. The 24 rejections by
this test are indicated by a second ampersand in Ta
ble lc.

In sum, our results do not support the lognormal
model for magnitude estimates of temporal intervals.
The majority of the individual subject distributions
of log responses deviate from normality, and the vari
ance of the log responses tends to decrease with in
creasing stimulus duration.

Averaging
It is not clear from the above analyses whether the

best measure of "average" response is the median,
the GM, or the AM. Since the lognormal model fails
to describe the data, we are assured of neither the op
timal properties of the GM nor the bias of the AM.

We have both positively and negatively skewed dis
tributions (see Table Ia), Usually, when the direction
of skew is unpredictable or when one is in doubt
about the appropriate measure of central tendency,
the median has been the recommended measure (S. S.
Stevens, 1955, 1971). In fact, until J. C. Stevens (1957,



For each subject, the AM of all magnitude estimates,
excluding the practice block, are shown in Table Id
for each duration value under each stimulus range.
Least squares estimates of the intercept, a, and the
slope, f3, were obtained for the linear function

and for the logarithmic transformation of the two-
parameter power function (Equation 3)

log RAM = lo~a + f3lo~+, (6)

Table 2
Proportion of Variance Accounted for by Various Functions

Subject Column I Column 2 Column 3 Column 4

Full Range
M.K. .685 .996 .977 .992
P.M. .568 .992 .955 .996
N.B. .652 .998 .963 .996
C.M. .667 .998 .987 .999
D.S. .784 .970 .983 .975
R.L. .662 .999 .987 .998
D.L. .710 .992 .997 .999
M.M. .626 1.000 .973 1.000
CAD. .664 .998 .993 .999
P.V.O. .644 1.000 .973 .997

Short Range
M.K. .891 .989 .968 .983
P.M. .911 .988 .983 .989
N.B. .969 .967 .995 .997
C.M. .978 .952 .978 .992
D.S. .875 .990 .978 .982
R.L. .924 .990 .986 .994
D.L. .813 .987 .984 .995
M.M. .864 .992 .964 .976
CAD. .807 .978 .941 .959
P.V.O. .855 .997 .994 .999
S.H. .948 .982 .998 .997

Long Range
M.K. .971 .949 .974 .990
P.M. .859 .999 .994 .999
N.B. .866 .999 .991 .999
C.M. .873 .999 .999 .999
D.S. .873 .999 .997 .998
R.L. .882 .997 .999 .998
D.L. .903 .993 .997 .998
M.M. .867 1.000 1.000 1.000
CAD. .858 1.000 .992 .999
P.V.O. .884 . .998 1.000 .999
S.H. .841 .998 .990 .995

Mean .818 .990 .984 .993

Note-Columns list the proportion of variance accounted for by
the following functions: (1) log (Equation 5), (2) linear [Equa-
tion 4). (3) transformed two-parameter power (Equation 6),
and (4) two-parameter power (Equation 3).
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1958)reported evidence for lognormality, S. S. Stevens
advocated and reported medians. However, because
of the discreteness of our response distributions, the
median will not do. Most of our subjects used rel
atively few distinct responses to cover a stimulus
range. Nearly 40070 of the numbers used, across sub
jects, conditions, and stimuli, were .5, 1, 2, 3,4, or
5. As a result, there are extensive ties in the data. The
modal response to a stimulus is often used on more
than 50% of the trials, and is thus the median. This
mode-median may stay constant across a number of
stimulus values, even though the response distribu
tions are clearly shifting. Others have also commented
on the discreteness of MEs (for example, Green &
Luce, 1974; S. S. Stevens et al., 1958).

A variety of arguments which do not depend on
the lognormal model have been used to support the
GM as the most appropriate average for MEs. Marks
(1974) argues that the GM is less sensitive to outlying
(deviant) response values than the AM, and is there
fore preferable. However, this argument is reason
able only for positively skewed distributions. Since
the GM is always less than or equal to the AM (Kendall
& Stuart, 1977), it is even more sensitive to small out
liers than the AM and so would be inappropriate for
our negatively skewed distributions. A second argu
ment is based on J. C. Stevens's (1957, 1958) finding
that, averaged over subjects, log GMs were very sim
ilar to log medians. Since the median would be the
average of choice if discreteness were not a problem,
the GM should be used if it is closer to the median
than the AM is. We compared the GMs, AMs, and
medians of the present data on a within-subject basis,
and found that, in 231 (48%) of the 480 cases, the
AM is closer to the median than the GM. Others (for
example, Eisler, 1962; Montgomery, 1975) have also
noted that the AM did not deviate systematically from
the median in their data.

Since the lognormal model fails for our data, and
since the AM and the GM estimate the median about
as well, there is little positive ground for using the
GM. Also, given the bias of the GM for negatively
skewed distributions, of which there are many, the
OM is inappropriate, if better than the median. For
these reasons, we decided to use the AM. 2 It is of in
terest to note that Eisler (1975) also reported AMs.

ThePsychophysical Function
In none of the reported studies of magnitude es

timates of temporal intervals was there any attempt
to compare the goodness-of-fit of the power function
with that of a linear function. With exponents aver
aging about .90, it would not be surprising to find
that the linear function also provides a good descrip
tion of magnitude estimation data. Since Church and
Deluty (1977) and Getty (1975) proposed a logarithmic
psychophysical function for temporal intervals, we
examined that possibility as well.

RAM = a + f3+,

for the logarithmic function

RAM = a + f3lo~+,

(4)

(5)



Table 3
Estimates of the Power Function Exponent for Each Subject

Under Each Condition

Subject Column 1 Column 2 Column 3

Full Range

M.K. .57 .78 .86
P.M. .97 1.17 1.13
N.B. .61 .87 .95
C.M. .72 .88 .92
D.S. .40 .49 .60
R.L. .75 .89 .93
D.L. .71 .79 .81
M.M. .84 1.00 1.00
C.A.D. .76 .89 .93
P.V.O. .65 .90 1.00

Short Range
M.K. .55 .62 .82
P.M. .69 .71 .82
N.B. .63 .59 .53
C.M. .53 .49 .43
D.S. .64 .73 1.04
R.L. 1.01 .88 .79
D.L. 1.01 1.20 1.47
M.M. .57 .67 1.12
C.A.D. .59 .78 2.60
P.V.O. 1.26 1.18 1.13
S.H. .52 .53 .56

Long Range
M.K. .72 .60 .52
P.M. .89 .95 .98
N.B. .82 .89 .95
C.M. .84 .88 .93
D.S. .78 .85 .93
R.L. .83 .85 .88
D.L. .92 .85 .80
M.M. .93 .95 .96
C.A.D. .83 .91 1.00
P.V.O. .84 .86 .88
S.H. .79 .92 1.15

Note-Columns list the exponent for the following functions:
(1) log-transformed two-parameter (Equation 6), (2) two
parameter (Equation 3), and (3) three-parameter (Equation 7).

where RAM is the AM and +represents stimulus du
ration. In Equation 6, the slope f3 provides an estimate
of the power function exponent.

The proportion of variance of the means accounted
for (r2

) by each of the three equations is given in the
first three columns of Table 2, and the power func
tion exponent f3 estimated by Equation 6 is shown in
the first column of Table 3.

The logarithmic function (Equation 5) provides a
poor description of the data. In terms of r2

, it gives
the worst fit, often strikingly so, in 29 of the 32 cases,
with a mean r2 of only .818. This accords with the
common claim (for example, S. S. Stevens, 1975)
that a logarithmic function is not a satisfactory repre
sentation of results obtained from direct scaling ex
periments.

The description of the data provided by the log
transformed power function (Equation 6) is, as ex
pected, far more satisfactory. The mean r2 is .984. Of
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the 32 exponents, 29 are less than unity, and the me
dian (mean) is .76 (.76).

Given the clear deviation of the slope from unity
in log-log coordinates, it is somewhat surprising that
the linear function (Equation 4) fits the data so well.
The mean r2 is .990. In 21 of the 32 cases (660J0), r2

for the linear function is higher than r2 for the log
log power function, and in two cases it is equal. This
includes many of the cases in which extreme non
linearity is indicated by the log-log power function
exponent. For example, the linear function describes
8 of the 12 sets of data better than the log-log power
function when the estimated exponent is less than
.70.3

Eisler (1976) has suggested that exponents tend to
increasewith extended practice in a magnitude estima
tion task. In his collection of exponents from nu
merous studies, he noted that the largest values typ
ically came from experienced subjects, although not
all such studies showed the effect. In order to assess
the role of practice on the performance of our sub
jects, we examined the data from each subject's first
condition, block by block. Using Equation 6, least
square estimates of the log-log power function expo
nent were obtained for each block. Rank-order corre
lations, rs, betweenblock and exponent sizeare shown
in Table 4. Also given are the exponents based on the
practice block (30 trials), the first block (75 trials),
and the final block (75 trials). The median (mean)
exponent of the last block is .78 (.74), which is less
than the median (mean) of the practice block, which
is .86 (.89). The correlations between block and ex
ponent size suggest that little can be said about prac
tice for the average subject. While there are trends,
these are decreasing as well as increasing, depending
on subject and condition. The excellent fit of the
linear function to our data cannot be attributed simply
to the extensiveexperience of our subjects.

Table 4
Exponents Based on the Log-Transformed Function

(Equation 6) for Individual Blocks of Trials

Block

Subject Practice First Last rs

Full Range
M.K. .86 .59 .48 -.337
P.M. 1.35 1.51 .61 -.850
C.M. .75 .73 .82 .689
M.M. .74 .79 .81 .326
P.V.O. .88 .68 .62 -.391
C.A.D. .59 .74 .78 .147

Short Range
D.S. .83 .81 .72 .068
R.L. .83 1.22 .99 -.547

Long Range
N.B. .86 .87 .80 -.676
D.L. 1.02 1.02 .83 -.338
S.H. 1.08 1.16 .69 -.858
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Figure 1. Magnitude estimates for ODe subject (PVO) UDder
the FR cODdltioD are showD as a fUDctioD of duratioD ID log-log
coordiDates ID (a) aDd ID IIDearcoordinates ID (b) aDd (c). ID (a)
the dashed IIDe Is the log-log power fUDctioD and the solid curve
Is the IIDear fUDctioD transformed to log coordlDates. ID (b) the
solid IIDe Is the IIDearfUDctioD aDd the dashed curve Is the log-log
power fUDctioD transformed to IIDearcoordiDates. ID (c) the solid
curve Is the two-parameter power fUDctioD aDd the dashed curve
Is the log-log power fUDctioD transformed to IIDear coordlDates.

The FR data from one subject (P.V.O.) are shown
in log-log coordinates in Figure la and in linear coor
dinates in Figure lb. The dashed line in Figure la is
the log-log power function (Equation 6), and the
solid curve is the linear function (Equation 4) after
transformation to log-log coordinates. While the fit
of the log-log power function is good, in the sense
that it accounts for 97"10 of the variance of the log
AMs, the transformed linear function provides an
even better description, accounting for 98% of the
variance. This is the case for 10 of the 32 subject/
conditions. The solid line in Figure Ibis the linear
function, which accounts for virtually all of the vari
ance. The dashed curve is the log-log power func
tion, transformed back to linear coordinates. This
provides a very poor description of the data, especially
for the longer durations, accounting for only 91%
of the variance. In 24 of the 32 subject/conditions,
the linear function fits the raw data as well as or better

than the log-log power function transformed back to
linear coordinates. Thus, despite the small exponent
estimated for this subject ({J =.65), which should in
dicate severe nonlinearity, the linear function pro
vides an excellent description of P.V.O.'s FR data.

A visual inspection of the data, plotted in log-log
coordinates, reveals many functions which appear
curved. Curved functions were also observed by Eisler
(1975) and Michon (1967) for their temporal interval
magnitude estimation data plotted in log-log coor
dinates. To handle the curvature, they fit two linear
log-log segments to their data. Michon (1967) allowed
both the slope and the intercept of the two lines to
be different, while Eisler (1975) allowed only the in
tercept and the location of the point of intersection
(the breakpoint) to vary. Using least squares estima
tion, we fit, in log-log coordinates, segmented two
parameter power functions to our data by an iterative
scheme (Bogartz, 1968). The values of fJ and a were
free to vary across segments. The location of the
breakpoint was varied from the third smallest to the
third largest duration value. That duration value yield
ing the smallest total sum of squared deviations from
the two lines, the breakpoint, is shown in Table 5
along with the slopes of the lower and upper segments.
The trend in these data is the same as that of Michon
(1967), who found that the average lower exponent
(.60) was less than the average upper exponent (1.10).
In the present experiment, the median (mean) expo
nent is .69 (.71) for the short-duration part of the
range and .87 (.86) for the long-duration part of the
range. These medians (means) are representative in
that 25 of the 32 subject/conditions showed this
pattern.

Since there are five free parameters, it is not sur
prising that the segmented log-log function provides
an excellent description of the data. However, even
though the fits are excellent, it is not at all clear what
interpretation to place on the analysis, given that
there is no between-subject consistency in the value
of the breakpoint or any sensible relationship among
the breakpoint locations for the different ranges.
Eisler (1981a) also notes that he does not have a con
vincing theory for the breakpoints.

Most analyses concerned with the two-parameter
power function have used least squares estimation
in log-log coordinates (Equation 6) to obtain an es
timate of the exponent. Computer programs that
deal with nonlinear estimation are now readily avail
able (for example, Bard, 1974;Beck & Arnold, 1977;
Chambers, 1977; Daniel & Wood, 1971). We re
analyzed the data to obtain estimates of the exponent
fJ of the two-parameter power function (Equation 3)
based on nonlinear least squares. The curve-fitting
program used was a standard iterative, nonlinear
least squares program modified for our computer
system.<4 The proportion of the variance accounted
for is shown in the last column of Table 2 and the
obtained exponents are listed in the second column
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ent, .90 for Equation 3 and .65 for Equation 6, and
it is clear that Equation 3 provides a much better
description of the data.

In terms of proportion of the variance accounted
for, the two-parameter power function based on non
linear estimation and the linear function (Equation 4)
provide equivalent accounts of the data. One differ
ence between the two functions is that the predicted
response to a zero-duration stimulus is fixed at zero
by the power but not by the linear function. If the
intercept is not really zero, and it does not look to be
in many graphs of the raw data, then thepower func
tion exponent will be distorted. The following three
parameter power function

was fit to the data using nonlinear least squares. As
is to be expected, the function accounts for almost
all of the varianceof the data. The exponents are listed
in the last column of Table 3. In general, they are
larger than those for the two-parameter function
(Equation 3). The median (mean) exponent is .93
(.96).5Although the exponents derived from the two
parameter function (Equation 3) and from the three
parameter function (Equation 7) differ, they are cor
related (r = .98, .43, and .90 for FR, SR, and LR, re
spectively; if C.A.D. 's data are omitted, the r value
for SR is .81).

Typically, +0 in Equation 7 has been interpreted as
a threshold parameter (Marks & J. C. Stevens, 1968;
S. S. Stevens, 1961), although Eisler (l963b, 1981a,
1981b) has speculated about alternative interpreta
tions. A number of investigators have reported nega
tive estimates (for example, Eisler, 1962;Mashhour &
Hosman, 1968; Rule, Laye, & Curtis, 1974). For our
data, of the 32 subject/conditions there are 24 neg
ative "thresholds," casting doubt on a threshold ex
planation.

It is clear from Table 3 that within each stimulus
range there is considerable intersubject variability
among the exponents of the power function, especially
in the SR condition. Intersubject variability in expo
nent values is common in magnitude estimation. For
S. S. Stevens (1971), the observed variability is what
one expects in psychophysical experiments, and one
remedy he suggested was appropriate averaging over
subjects. We have not averaged across subjects be
cause we agree with investigators (for example, Green
& Luce, 1974; Luce & Mo, 1965) who have argued
that averaging may distort the true functional form.
As an example, for our data the SR exponent es
timated from the log transformed function (Equa
tion 6) fit to the AM over subjects is .53. The distri
bution of the 11 individual exponents for SR (Table 3)
is bimodal. Of the 11 exponents, 9 are larger than
.53 and 1 is equal to .53.

We examined the data from the 10 subjects who

Table 5
Estimates of the Lower and Upper Exponents for the

Segmented Log-Log Power Function

Segment
Break-

Subject Lower Upper point

Full Range
M.K. .44 .72 600
P.M. .71 1.25 1300
N.B. .48 .94 1300
C.M. .56 .84 250
D.S. .36 .64 2500
R.L. .77 .83 250
D.L. .67 .78 1000
M.M. .48 1.05 250
CAD. .64 .86 250
r.v.o. .51 .88 750

Short Range
M.K. .37 .72 100
P.M. .93 .68 60
N.B. .73 .56 80
C.M. .77 .46 60
D.S. .56 .84 100
R.L. 1.35 .87 60
D.L. .82 1.30 120
M.M. .42 .86 140
CAD. .42 1.06 140
r.v.o, 1.54 1.19 60
S.H. .51 .61 220

Long Range
M.K. 1.03 .57 1500
P.M. .72 .96 1500
N.B. .58 .92 1500
C.M. .79 .89 2600
D.S. .72 .87 2600
R.L. .81 .89 3150
D.L. .97 .86 1500
M.M. .90 .95 2050
CAD. .64 .92 1500
r.v.o. .83 .89 5350
S.H. .67 .95 2600

Note- The value of the breakpoint is given in milliseconds.

in Table 3. In 26 of the 32 cases (810/0), the propor
tion of the variance accounted for is higher than it is
for the log-log transformation (Equation 6), and in
two cases it is equal. The median (mean) exponent is
.87 (.83) compared with .76 (.76) for the log-log trans
formation (Equation 6). In 25 of the 32 cases, the
exponents estimated from Equation 3 were closer to
1.00 than those estimated using the log-log transfor
mation (Equation 6). Although the exponents derived
from the two curve-fitting procedures differ in value,
they are significantly correlated (r =.93, .91, and .68
for FR, SR, and LR, respectively).

In Figure 1c, P. V.O. 's FR data are plotted in linear
coordinates. The solid curve represents the power
function based on nonlinear estimation (Equation 3),
and the dashed curve is the function obtained from
log-logtransformation (Equation 6) and then plotted
in linear coordinates. The exponent values estimated
by the two curve-fitting procedures are quite differ-

RAM = a(+-+o)p (7)
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participated under all three conditions to determine
whether exponent size depended on the set of dura
tion values. The Friedman test indicated that the dis
tributions of exponents did not differ significantly
across the three duration ranges. This was the case
for each equation (Equations 3,6, and 7). In fact, for
the three-parameter function (Equation 7), the me
dian exponent is .93 for each range.

In sum, on average, the exponent estimated from
the log transformed power function (Equation 6) is
less than 1.00. The power function (Equation 3) based
on nonlinear estimation provides a better description
of the data and yields estimatesof the exponent which
are closer to 1.00. Adding a third parameter to the
power function (Equation 7) brings the average ex
ponent very close to 1.00. The fit of the linear func
tion (Equation 4) to the data is just as good as the fit
of the two-parameter power function obtained from
nonlinear estimation (Equation 3) and better than the
fit obtained using linear least squares in log-log coor
dinates (Equation 6).

CONCLUDING COMMENTS

For magnitude estimates of temporal intervals, the
lognormal model of error does not describe the re
sponse distributions of individual subjects. Many of
the distributions are negatively skewed, and, in gen
eral, the variance of the distributions of log responses
decreases as stimulus duration increases. A power
function provides an excellent description of the judg
ments of individual subjects. In terms of the propor
tion of the variance accounted for, the two-parameter
function, obtained using nonlinear estimation, de
scribes the data better than the function obtained
using linear least squares in log-log coordinates and
yields exponent estimates that are closer to 1.00.
Adding a third parameter to the function results in
exponent estimates that are very close to 1.00. The
small deviation from unity might be attributable to
"bias" effects. Cross (1973), Green and Luce (1974;
Green, Luce, & Duncan, 1977; Jesteadt et al., 1977),
and Ward (1971, 1973, 1979) have found sequential
effects in their ME data. The overriding effect is
assimilation, which leads to underestimation of the
power function exponent. Green and Luce (Note 5)
have performed the standard Green-Luce analysis on
our data. Their analysis indicates assimilation, al
though the effect is smaller than that observed with
magnitude estimatesof loudness. Regression is another
biasing factor in magnitude estimation. According to
S. S. Stevens (1957, 1971, 1975; S. S. Stevens &
Greenbaum, 1966), the observer tends to shorten the
range of whichever variable he controls. Thus, in
magnitude estimation the response scale is typically
constricted, leading to underestimation of the expo
nent.

Our analyses clearly demonstrate that the value of
the power function exponent derived from magni
tude estimation data depends upon the curve-fitting
procedure used. Our results also indicate that a linear
function describesthe data as wellas the two-parameter
power function obtained from nonlinear estimation.
Magnitude estimation data do not provide compelling
evidence against a linear psychophysical function for
time.

REFERENCE NOTES

1. Eisler, H. A note on treatment of ratio setting data for con
structing psychological scales (Tech. Rep. 54). Stockholm: Uni
versity of Stockholm, 1958.

2. Ekman, G. Subjective power functions and the method of
fractionation (Tech. Rep. 34). Stockholm: University of Stockholm,
1956.

3. Ekman, G., & Frankenhauser, M. Subjective time scales
(Tech. Rep. 49). Stockholm: University of Stockholm, 1957.

4. Kristofferson, A. B. Personal communiation, 1981.
5. Green, D. M. Personal communication, 1979.

REFERENCES

ALLAN, L. G. The time-order error in judgments of duration.
Canadian Journal ofPsychology, 1977,31,24-31.

ALLAN, L. G. Comments on current ratio-setting models for time
perception. Perception cI Psychophysics, 1978,14,444-450.

ALLAN, L. G. The perception of time. Perception cI Psycho
physics, 1979,26,3~354.

ALLAN, L. G., & KRISTOFFERSON, A. B. Psychophysical theories
of duration discrimination. Perception cI Psychophysics, 1974,
16,26-34.

ALLAN, L. G., KRISTOFFERSON, A. B., & WIENS, E. W. Dura
tion discrimination of brief light flashes. Perception cI Psycho
physics, 1971,9,327-334.

ANDERSON, N. H. Note on functional measurement and data
analysis. Perception cI Psychophysics, 1977,11,201-215.

BARD, Y. Nonlinear parameter estimation. New York: Academic
Press, 1974.

BECK,J. V., & ARNOLD, K. J. Parameter estimation in engineer
ing and science. New York: Wiley, 1977.

BIRNBAUM, M. H. The devil rides again: Correlation as an index
of fit. Psychological Bulletin, 1973,79,239-242.

BLANKENSHIP, D. A., & ANDERSON, N. H. Subjective duration:
A functional measurement analysis. Perception cI Psychophysics,
1976,10,168-172.

BOBKO, D. J., THOMPSON, J. G., & SCHIFFMAN, H. R. The per
ception of brief temporal intervals: Power functions for audi
tory and visual stimulus intervals. Perception, 1977,6,703-709.

BOGARTZ, R. S. A least squares method for fitting intercepting
line segments to a set of data points. Psychological Bulletin,
1968,70,749-755.

CHAMBERS, J. M. Computational methods for data analysis.
New York: Wiley, 1977.

CHURCH, R. M., & DELUTY, M. Z. Bisection of temporal inter
vals. Journal of Expe~imentalPsychology: Animal Behavior
Processes, 1977,3,216-228.

CREELMAN, C. D. Human discriInination of auditory duration.
Journal of the Acoustical Society ofAmerica, 1962, 34, 582-593.

CROSS, D. V. Sequential dependencies and regression in psycho
physical judgments. Perception cI Psychophysics, 1973, 14,
547-552.

CROSS, D. V. Some technical notes on psychophysical scaling.
In H. R. Moskowitz, B. Scharf, & J. C. Stevens (Bds.), Sen
sation and measurement. Dordrecht, Holland: D. Reidel, 1974.



CURTIS, D. W., & RULE, S. J. Judgment of duration relations:
Simultaneous and sequential presentation. Perception & Psy
chophysics, 1977,11, "8-S84.

D'AGOSTINO, R. B., & PEARSON, E. S. Tests for departure from
normality. Fuller empirical results for the distributions of b.
and b r- Biometrika, 1973,60,613-622.

DANIEL, C., & WOOD, F. S. Fitting equations to data. New York:
Wiley, 1971.

EISLER, H. Empirical test of a model relating magnitude and
category scales. Scandinavian Journal of Psychology, 1962, 3,
88-96.

EISLER, H. Magnitude scales, category scales, and Fechnerian in
tegration. Psychological Review, 1963,70, 243-2S3. (a)

EISLER, H. Possible implications of a non-constant subjective
zero in the psychophysical power function. Perceptual & Motor
Skills, 1963,16,778. (b)

EISLER, H. The derivation of Stevens' psychophysical power law.
In H. R. Moskowitz, B. Scharf, & J. C. Stevens (Eds.), Sensa
tion and measurement. Dordrecht, Holland: D. Reidel, 1974.

EISLER, H. Subjective duration and psychophysics. Psychological
Review, 1975,11, 429-4S0.

EISLER, H. Experiments on subjective duration 1868-197S: A col
lection of power function exponents. Psychological Bulletin,
1976,I3,l1S4-1171.

EISLER, H. Applicability of the parallel-clock model to duration
discrimination. Perception & Psychophysics, 1981, 19, 22S
233. (a)

EISLER, H. The parallel-clock model: Replies to critics and criti
cisms. Perception & Psychophysics, 1981,19, SI6-S20. (b)

EISLER, H., & MONTGOMERY, H. On theoretical and realizable
ideal conditions in psychophysics: Magnitude and category scales
and their relation. Perception & Psychophysics, 1974, 16,
IS7-168.

FRANKENHAEUSER, M. Subjective time as affected by gravita
tional stress. Scandinavian Journal of Psychology, 1960, 1,
1-6.

GETTY, D. J. Discrimination of short temporal intervals. Per
ception & Psychophysics, 1975,11,1-8.

GIBBON, J. Two kinds of ambiguity in the study of psychological
time. In M. L. Commons & J. A. Nevin (Eds.), Quantitative
analysis of behavior: Discriminative properties of reinforcement.
Cambridge: Harper & Row, 1981.

GREEN, D. M., & LUCE, R. D. Variability of magnitude estimates:
A timing theory analysis. Perception & Psychophysics, 1974,
15,291-300.

GREEN, D. M., LuCE, R. D., & DUNCAN, J. E. Variability and
sequential effects in magnitude production and estimation of
auditory intensity. Perception & Psychophysics, 1977, 11,
4S0-4S6.

HOLLANDER, M., & WOLFE, D. A. Nonparametric statistical
methods. New York: Wiley, 1973.

HOPKINS, G. W. Ultrastable response-stimulus synchroniZation.
Unpublished doctoral dissertation, McMaster University, 1982.

HOPKINS, G. W., & KRISTOFFERSON, A. B. Ultrastable stimulus
response latencies: Acquisition and stimulus control. Perception
cI Psychophysics, 1980,17, 241-2S0.

JESTEADT, W., LUCE, R. D., & GREEN, D. M. Sequential effects
in judgments of loudness. Journal ofExperimental Psychology:
Human PerceptIon and Performance, 1977,3,92-104.

JOHN,I. D. The properties of distributions of magnitude estimates
of loudness and softness. Scandinavilln Journal ofPsychology,
1971,11,161-270.

JOHNSON, N. L., & KOTZ, S. Continuous univariate distributions.
New York: Houghton Mifflin, 1970.

JONES, A., & MACLEAN, M. Perceived duration as a function of
auditory stimulus frequency. Journal ofExperimental Psychol
ogy, 1966,71, 3S8-364.

KENDALL, M., & STUART, A. The advanced theory of statistics
(4th ed.), New York: Macmillan, 1977.

KINCHLA, J. Duration discrimination of acoustically defined in
tervals in the 1- to 8-sec range. Perception & Psychophysics,
1972, 11, 318-320.

TEMPORAL INTERVALS 41

KRISTOFFERSON, A. B. Low-variance stimulus-response latencies:
Deterministic internal delays? Perception & Psychophysics,
1976,10, 89-100.

KRISTOFFERSON, A. B. A real-time criterion theory of duration
discrimination. Perception & Psychophysics, 1977,11, 10S-117.

KRISTOFFERSON, A. B. A quanta! step function in duration dis
crimination. Perception & Psychophysics, 1980,17,300-306.

KUNNAPAS, T., HALLSTEN, L., & SODERBERG, G. Interindividual
differences in homomodal and heteromodal scaling. Acta Psy
chotogic«; 1973,37,31-42.

LUCE, R. D., & Mo, S. S. Magnitude estimation of heaviness and
loudness by individual subjects: A test of a probabilistic re
sponse theory. British Journal of Mathematical and Statistical
Psychology, 1965,11, IS9-174.

MARKS, L. E. Sensory processes. New York: Academic Press,
1974.

MARKS, L. E., & STEVENS, J. C. The form of the psychophysical
function near threshold. Perception & Psychophysics, 1968,
",31S-318.

MASHHOUR, M., & HOSMAN, J. On the new "psychophysical
law": A validation study. Perception cI Psychophysics, 1968,
3,367-37S.

MICHON, J. A. Magnitude scaling of short durations with closely
spaced stimuli. Psychonomic Science, 1967,9, 3S9-360.

MONTGOMERY, H. Direct estimation: Effect of methodological
factors on scale type. Scandinavian Journal of Psychology,
1975, 16, 19-29.

MONTGOMERY, H., & EISLER, H. Is an equal interval scale an
equal discriminability scale? Perception & Psychophysics, 1974,
15,441-448.

PAINTON, S. W., CULLINAN, W. L., & MENCKE, E. O. Individual
pitch functions and pitch-duration cross-dimensional matching.
Perception & Psychophysics, 1977, 11, 469-476.

PEARSON, E. S., D'AGOSTINO, R. B., & BOWMAN, K. O. Tests
for departure from normality: Comparison of powers. Bio
metrika, 1977,64,231-146.

PLATT, J. R. Temporal differentiation and the psychophysics of
time. In M. D. Zeiler & P. Harzem (Eds.), Advances in anal
ysis of behavior: Reinforcement and organization of behavior.
London: Wiley, 1979.

PRADHAN, P. L., & HOFFMAN, P. J. Effect of spacing and range
of stimuli on magnitude estimation judgments. Journal of Ex
perimental Psychology, 1963,66, S33-S41.

RULE,S. J., LAYE, R. C., & CURTIS, D. W. Magnitude judgments
and difference judgments of lightness and darkness: A two stage
analysis. Journal of Experimental Psychology, 1974, 103,
1108-1114.

SHANTEAU, J. Correlation as a deceiving measure of fit. Bulletin
ofthePsychonomicSociety, 1977,10,134-136.

STEINER, S. Apparent duration of auditory stimuli. Journal of
Auditory Research, 1968, I, 19S-20S.

STEVENS, J. C. A comparison of ratio scales for the loudness of
white noise and the brightness of white light. Unpublished doc
toral dissertation, Harvard University, 19S7.

STEVENS, J. C. Stimulus spacing and the judgment of loudness.
Journal ofExperimentalPsychology, 19S8,56, 246-2SO.

STEVENS, S. S. On the averaging of data. Science, 19S5, 111,
113-116.

STEVENS, S. S. On the psychophysical law• Psychological Review,
19S7,64,IS3-181.

STEVENS, S. S. The psychophysics of sensory function. In W. A.
Rosenblith (Bd.), Sensory communication. Cambridge, Mass:
MIT Press, 1961.

STEVENS, S. S. Issues in psychophysical measurement. Psycho
logicalReview, 1971,71, 416-4SO.

STEVENS, S. S. Psychophysics. New York: Wiley, 1975.
STEVENS, S. S., CARTON, A. S., & SHICKMAN, G. M. A scale of

apparent intensity of electric shock. Journal of Experimental
Psychology, 19S8,56,318-334.

STEVENS, S. S., & GALANTER, E. H. Ratio scales and category
scales for a dozen perceptual continua. Journal ofExperimental
Psychology,19S7,54,377-411.



42 ALLAN

STEVENS, S. S., & GREENBAUM, H. B. Regression effect in psy
chophysical judgment. Perception & Psychophysics, 1966, 1,
439-446.

STEVENS, S. S., & GUIRAO, M. Loudness, reciprocality, and par
tition scales. Journal of the Acoustical Society of America,
1962,34, 1466-1471.

WARD, L. M. Some psychophysical properties of category judg
ments and magnitude estimations. Unpublished doctoral disser
tation, Duke University, 1971.

WARD, L. M. Repeated magnitude estimates with a variable stan
dard: Sequential effects and other properties. Perception & Psy
chophysics, 1973, 13, 193-200.

WARD, L. M. Stimulus information and sequential dependencies
in magnitude estimation and cross-modality matching. Journal
of Experimental Psychology: Human Perception and Perfor
mance, 1979,5,444-459.

NOTES

1. Occasionally, subjects failed to respond to one stimulus in a
block. In five cases it was clear which stimulus was missed, and
the missing response was set equal to the median response emitted
by that subject in that block to that stimulus. In one case it was not
clear which stimulus was missed, and that block was excluded.
One subject failed to respond to many stimuli. His data are not
reported.

2. For completeness, we did carry out many of the analyses on
both arithmetic and geometric means. While the absolute values
of some of the parameter estimates did change, the nature of the
trends remained the same.

3. We are aware of the criticisms by Birnbaum (1973), Shanteau
(1977), and others of r' as a measure of goodness-of-fit. The al
ternative of the functional measurement approach (see Anderson,

1977) that they propose is inappropriate for our purpose. We ex
plored the procedure used by Mashhour and Hosman (1968) and
Pradharn and Hoffman (1963) which involves evaluating goodness
of-fit by constructing confidence intervals around the regression
line. Our standard errors are so small that, by this measure, all
the equations provide poor descriptions of the data. For example,
in Figure lb the solid line represents the linear function for P.V.O.'s
FR data. The mean response to the 2O-rnsec duration deviates
from the line by more than 42 standard error units! The value of
r'is 1.000.

4. The program used was a translation of F. S. Wood's Non
linear Least Squares Program (Daniel & Wood, 1971; SHARE
360D-13.6.007; VIM G2-CAL-NLWOOD) from FORTRAN IV
into OS/8 FORTRAN II, with a modification to allow for weight
ing. It is based on Marquardt's algorithm, which is generally
rated as slower, but more likely to converge on a solution, than
many others (see Bard, 1974; Beck & Arnold, 1977; Chambers,
1977, for reviews).

5. Given nonhomogeneity of variance over stimulus duration,
we also fit the two-parameter power function (Equation 3) and
the three-parameter power function (Equation 7) using weighted
(by variance) nonlinear least squares. Three response distributions
had zero variance, and the response weight was fixed at four times
the magnitude of the next largest weight. This solution is arbitrary,
but it does ensure heavy weighting to the invariant data. In gen
eral, the weighted exponents were smaller than the unweighted
exponents. The median (mean) weighted two-parameter exponent
was .80 (.76) and .87 (.83) for unweighted, and the median (mean)
weighted three-parameter exponent was .88 (.89) and .93 (.95)
for unweighted.

(Manuscript received June 7,1982;
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