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EXECUTIVE SUMMARY

This project had two research components. The first component examined the
discrimination of temporally-coded auditory patterns by trained listeners. The second component
consisted of theoretical analyses, computer simulations, and human experiments, on group signal
detection. The experiments revealed important principles about how team performance depends
on the abilities of the team members, the team decision rule, and the constraints on interactions
among members. The results of these two research efforts may be useful for improving the design
of auditory display systems and for optimizing the performance of decision making teams.

Auditory Pattern Discrimination

The auditory experiments were addressed at understanding the mechanisms that underlie
temporal pattern discrimination. The experimental paradigm had listeners discriminate between
two sequences of tones, in which the times between tones were generated according to specific
stochastic rules. The first series of experiments evaluated the effect on discrimination of the time
between the two patterns to be discriminated. The results of this study provided support for a
general statistical model of pattern discrimination. According to this model, a listener encodes the
temporal pattern of times for each stimulus and then computes the statistical correlation between
the two lists of intertone times. Memory for the temporal information contained in the first list is
relatively insensitive to decay over the short time periods of the experiment.

A second series of auditory discrimination experiments was concerned with the
distribution of listener attention to different pattern segments. It was suspected that the model’s
assumption of uniform emphasis on all temporal segments was incorrect. Earlier studies had
indicated that an observer’s attention is controlled by several factors, such as the relative duration
or the variability of different pattern segments. The listener’s attention to different seginciits wes
assessed by a technique that allowed calculation of the decision weights for each segment of the
sequence. In one experiment, the statistical properties of the intertone time intervals were uniform
across each sequence. In a second experiment, the mean or the variance of the duration of the
intertone time intervals was varied within the sequence. The results may be summarized as

follows:

(1) Listeners allocate more attention to the first and last occurring temporal positions of a
stimulus pattern than to other positions. These segments normally play the dominant role in the
listener’s estimate of the difference between patterns.

(2) Giving one of the temporal segments a noticeably longer or shorter duration than the
others does not affect the listeners’ attentional strategy, as assessed by the decision weights given
to the unique positions. Moreover, the absence of a correlation between the listeners’ weights
and the duration of the unique segment, indicates that the “proportion-of-total-duration”
hypothesis is not a general rule in pattern discrimination.




(3) Giving one of the temporal segments a higher variance than the others results in a
pronounced peak in the listener’s attention to that position. In the temporal pattern discrimination
task, higher variance segments are more diagnostic of whether the patterns are the same or
different, and it appears that listeners utilize that information in their discrimination.

Group Signal Detection

The theoretical analysis of group signal detection behavior specifies how performance
accuracy depends on the size of the group, the detection abilities of the members, the correlation
between member judgments, the constraints on member interaction, and the group decision rule.
The highest group performance is defined by the Ideal Group;, this group uses an optimal
statistical rule for combining the judgments of the individual members. Lower levels of
performance are defined by Condorcet Groups; these groups base their decisions on the majority
vote of their non-interacting members.

Computer simulations of Condorcet groups produced a surprising result: the accuracy of
group performance decreased as the majority decision rule was made more stringent. Experiments
with groups of human participants in a visual detection task closely matched the simulation
results. Group performance was poorest in the unanimous condition and best in the simple
majority condition. Little or no shifts in the team members’ decision criterion were produced by
different group decision rules.

Groups of from 2 to 12 members were also tested in freely interacting conditions; these
were designed to see how near to Ideal performance could be obtained from human teams.
Groups were tested in a visual detection task under different conditions of display difficulty and .
display correlation. The performance of the interacting groups was better than the Condorcet
groups but worse than the Ideal predictions. Furthermore, group performance efficiency
decreased with group size. The decrease in efficiency with size was not attributable to correlations
between member judgments or to inappropriate weighting of judgments from individual members.
Some of the decrease in efficience may be due to members reducing their individual detection
effort as group size is increased. Additional experiments indicated that some of the decrease in

efficiency was due to individual differences in how team members rate and communicate their
" estimates of signal likelihood to each other. When team member ratings of signal likelihood were
" ordered and displayed to the group via an optimized display, performance approached the
theoretical ideal. Further improvements in group performance may be achieved by displaying
member ratings that are normalized by the individual team member’s rating function. These results
are highly relevant to the performance and training of crews or teams assigned to perform
decision-making tasks.




AUDITORY PERCEPTION OF TEMPORAL PATTERNS
I. INTRODUCTION

Which segments of a temporal pattern will receive the most listener attention? Are the
attended segments the best ones for discriminating between two different patterns? Recent
experiments have attempted to specify how a listener allocates attention to different spectral
components of an auditory pattern (e.g., Green et al. 1983; Berg and Green, 1990; Kidd et al,
1991; Zara et al., 1993). In the present study, we apply similar techniques to determine the
distribution of listener attention to the different temporal components of an auditory pattern.

In addition to improving our understanding of the basic mechanisms used to process an
auditory stimulus, specifying how attention is concentrated on different portions of a temporal
pattern may have practical implications for speech and music perception where the discrimination
of temporal patterns plays an important role (Liberman et al., 1967; Stevens and House, 1972;
Klatt, 1976; Steedman, 1977; Vos and Rasch, 1981). For example, Collins et al. (1994) showed
that there is a correlation between the discrimination of random temporal patterns and
performance on standard speech recognition tests. In music, several workers have argued that a
temporal pattern-recognition scheme is probably used for the perception of the repetitive pattern
of musical notes, both at a basic level and at more complex level of rhythmicity (Martin and
Struges, 1974; Deutsch, 1979; Fraisse, 1982).

The importance of specific factors in the discrimination of temporal patterns has been
demonstrated in a series of studies conducted by Watson and colleagues (e.g., Watson et al,,
1975; Kidd and Watson, 1992). In one of the initial studies, Watson et al. (1975) found that the
ordinal position of the information was very important. Listeners' performance was better when
the change in the pattern occurred towards the end of the sequence (recency effect). A recent
study (Kidd and Watson,1992; see also Kidd, 1995), reported that the relative target duration was
also important. They found that performance improved with an increase in the ratio of the target's
duration to the total pattern’s duration. They proposed a rule, the “proportion-of-the-total-
pattern-duration (PTD)” rule, to describe this result. The rule states that each individual
~ component of an unfamiliar tone sequence is resolved with an accuracy that is based on its
~ proportion of the total duration of the sequence. The basic assumption is that the listener evenly
allocates attention over the pattern’s duration, and therefore longer duration segments capture
proportionally more of the listener’s attention.

Lutfi (1993, 1995; also see Lutfi and Doherty, 1994) has suggested that Kidd and
Watson’s results can be accounted for by the Component Relative Entropy (CoRE) model. This
model uses as its basis Shannon's (1948) definition of entropy, as a means of determining the
amount of information contained in a pattern. The CoRE model has two basic premises. Oneis
that listeners adopt an ideal decision rule that attempts maximum likelihood test for the task. The
other is that listeners are incapable of ignoring any information in patterns that vary randomly
from trial to trial. This premise is represented by multiplication of signal with a rectangular time




window. According to the model, “listeners are assumed to integrate information over a
rectangular time-frequency window with bandwidth and duration equal to or exceeding the
bandwidth and duration of possible signals”. The CoRE model suggests that an important factor
in these studies is the relative variance of the target tone and that performance can be predicted by
a decision variable that is based on the weighted sum of the relative variances of each component's
mean value. In the present experiment, we implement a further test of these different views. It
should be noted that while the CORE model makes predictions for d’, the PTD rule does not.

The present experimental paradigm is an extension of one we have previously employed
(Sorkin, 1990; Sorkin and Montgomery, 1991; Sorkin et al.,1994). The listener’s task is to report
whether two sequences of tones had the same ot differect temporal patterns. A sequence’s
temporal pattern is determined by the intertone time intervals between the tones within each
sequence. On same trials, the set of intertone time intervals for the two sequences is identical (see
figure 1). On different trials, the intertone time intervals are perturbed by a random process that .
results in intertone time intervals that are partially correlated (or uncorrelated) between the
sequences. These studies showed that performance in this task depends on the correlation
between the sequences on different trials and also on the (uniform) mean and variance of the
intertone time intervals. These results are described by the Temporal Pattern Correlation Model,
which assumes that the listener attempts to estimate the correlation between the sequences on
each trial but is limited by a small, internal jitter in time estimation of between 10 and 20 ms
(Sorkin, 1990; Sorkin and Montgomery, 1991).
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Figure 1. The top part of the figure illustrates a sample SAME trial for the two sequences of a pattern, and the
bottom portion illustrates a sample DIFFERENT trial. The frequency and duration of each tone was 1000 Hz and
25 ms respectively.




One aspect of this experimental task is that information about the difference between the
pair of sequences to be compared is distributed throughout the entire duration of the experimental
stimuli. This is both a strength and potential weakness of the paradigm. The potential weakness
arises when certain portions of the sequence play a critical role in discrimination that may not
actually be evident in the experimental results. However, this uncertainty could be eliminated if
one could determine the relative contribution made by individual segments of the sequence to the
listener’s discrimination performance. Such a technique is provided by Berg’s (1990) weighting
analysis or Conditional on Single Stimulus (COSS) technique and by Richards and Zhu’s (1994)
and Lutfi’s (1995a) extension of the technique. The idea is to examine the strength of the
relationship, over trials, between the listener’s response and the value of each stimulus
component. This technique enables the experimenter to calculate the relative contribution of
different parts of the stimulus to the listener’s decision. One then may infer from the resulting
decision weights how much attention is given to different portions of the stimulus.

The main goal of the present study was to determine how attention is allocated to the
different segments of each sequence in a temporal pattern discrimination task. In experiment 1,
the statistical properties of the intertone time intervals were uniform within each sequence. That
is, all intertone time intervals had the same mean duration and the same standard deviation in
duration. We anticipated that the greatest listener weights would be given to the final temporal
positions in the sequence, thereby replicating Watson et al.’s (1975) finding of best performance
for a target that occupies the last temporal position in a sequence.

In experiment 2, we employed patterns with both uniform and non-uniform time durations.
In the non-uniform cases, we made one segment of the patterns unique by manipulating either the
mean or the variance of its intertone time interval duration. Increasing the mean duration of one
of the sequence segments should make that segment more distinctive. We can think of two
possible consequences of this manipulation: One possibility is that making a segment more
distinctive would reduce the apparent randomness of the pattern, thereby improving the storage of
information about the pattern. This could result in an improvement in the discriminability of the
entire pattern. A second possible consequence of the manipulation is that the unique segment
would draw the listener’s attention to itself, and consequently less attention would be given to
_other segments. The resultant effect on performance could be good or bad depending on whether
" the unique segment carried more or less information about the task than the other segmerits.

The CoRE model and PTD hypothesis address these possibilities. Our interpretation of
the PTD hypothesis is that the listener’s attention will be spread evenly over the duration of the
pattern to be discriminated, with the caveat that somewhat greater weighting may be given to the
final portion of the pattern. It follows that increasing the mean duration of one segment will
produce an effective increase in the listener’s attention to that segment. If much of the task
relevant information is contained in that segment, the result would be an increase in discrimination
performance. However, the PTD hypothesis does not address the possible effect of manipulating
the variance of an intertone time interval.



The CoRE model, on the other hand, is primarily concerned with the informational aspects
of the patterns to be discriminated. This model makes no prediction about the effect of
manipulating the mean duration of a segment on the listener’s decision weights in the present task.
The reason is that the intertone time intervals (t;) are part of the statistic in this case. Therefore,
the time-windowing does not contribute a further weight (i.e. it would be meaningless to write
SUM [t;; * tyi- t 5 * t 5] to reflect the effect of time-windowing on time weights). This is why,
the CoRE model does not make any predictions about the proportional mean duration. In other
words, the relative duration is the decision variable here and cannot be its own weight. In the next
section we show that increasing the variance of a segment in our task makes that segment more
diagnostic of whether the sequences are the same or different and therefore more appropriate for
the assignment of a higher decision weight. This argument is consistent with the CoRE model,
which would predict that manipulation of the variance of one segment can produce potentially
large changes in the decision weights. Thus, experiment 2 should enable us to determine which
model provides a better description of pattern discrimination.

A. Temporal Pattern Discrimination Mechanism

The sequence discrimination task requires the listener to compare the intertone time
intervals for two sequences and then make a judgment about whether they were the same or
different. The set of intertone time intervals for the first and second sequences are, respectively,
{t;i} and { t; }; where the numbered index identifies the first and second sequence, respectively,
and i identifies the ith intertone time position (e.g. i=1 to M for intertone time positions from 1 to
M-1 tones). We assume that the listener’s decision variable is based on the sum of the weighted

M
(absolute value of the) differénce between the pairs of corresponding intertone times, > oai &,
. : i=]

where the a; is the decision weight for the ith temporal position, and g is a random variable equal
to |t - tzi|, the absolute difference between the pair of intertone time intervals at position i in
sequence 1 and 2. On different trials, the t; are independent, normal random variables with equal
means and variances equal to 6% . The variance, o7 is the total variance in the observer’s
estimate of g; and is given by 6% = O intomal T o’ ep  Where GPintemat 1S the variance due to the
observer’s jitter in estimating the time, and 0’y is the variance in the intertone time intervals that
. is set by the experimental condition. On same trials, 67exp is equal to 0, since all the intertone time
. intervals (t;; and ty, are identical, which results in o being equal to GPintemat - In Other words, the
pattern discrimination is only based on the differences between the intertone time intervals across
the sequences in a trial. It should be noted that the sequences are independent across trials.

Since the g; in different time positions are independent, the performance of the
discrimination mechanism can be computed from knowledge of dy, the individual discriminability
of each intertone time interval pair. The segment discriminability, d7’, will depend on the mean
and variance of g;, given either the same or different sequences on a trial (see Sorkin, 1990 for d’
calculation). It can be shown that E(g) is a function of o2. That is, an increase in the variance
Oexp is analogous to an increase in signal strength. In other words, as the intertone time intervals



become more different from one another, they become more discriminable’.
I EXPERIMENT 1: EFFECT OF TEMPORAL POSITION ON LISTENER WEIGHTS

The goal of this experiment was to determine the effect of temporal position on listener
attention when the statistics (mean and variance) of the intertone time intervals were constant
across the different ordinal positions of the sequence. The correlational weight-estimation
technique was used to determine the weight given to each ordinal position within the sequence.
That is, at each intertone time interval position, we calculated the correlation (over different
trials) between the listener’s response and the absolute difference between the corresponding
intertone time intervals in the two sequences, [ty - tz|. An assumption of the correlation-weight
analysis is that the decision weight at each position is proportional to this normalized correlation.
All weights were normalized to sum to unity (Za; = 1).

A. METHOD
1. Listeners

One female and three male students from the University of Florida, with normal hearing .
(as determined from self report), participated in this experiment. One listener had prior cxperi-
ence with the task. All listeners were paid an hourly wage plus a bonus based on performance.
Listeners were seated in a double-walled acoustically insulated chamber. The stimuli were
presented monaurally via TDH-39 headphones.

2. Procedure

On a given trial, listeners were presented with two sequences of tones, cach composcd of
nine 1000-Hz tones presented at 71-dB sound pressure level. The 25-ms tone bursts were
generated by a T.T. Electronics system (precursor to Tucker Davis Technologies system), that
sampled at 20000 samples per second. The tones were low-pass filtered at 7.5 kHz and gated
with a TTE Cosine switch (set at cosine-squared shaping). These tones were shaped by & 4-ms
_ linear rise and decay envelope. All times were defined from the 0-voltage point. The intertone
" time intervals between tones were generated by a process that enabled control of their mean and
standard deviation (see Sorkin, 1990). The time between the tones (intertone time interval) had a
mean duration of 50 ms and a standard deviation of 35 ms. The minimum intertone time interval
was either 2 ms or mean intertone time interval minus 2.5 times the standard deviation (whichever
was larger). The maximum intertone time interval was either 300 ms or mean intertone time
interval plus 2.5 times the standard deviation of the intertone time (whichever was smaller). If an
intertone time interval smaller or larger than the allowed values was drawn, then it was changed
to the stated minimum and maximum.? An interval of 750-ms separated the two tone sequences.
After listening to the pair of sequences presented on a trial, the subject indicated whether or not
the temporal patterns of the tones were the same or different. Visual feedback about the correct
responses was provided after each trial. The type of trial (same or different) was selected on a
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random basis. On same trials, the temporal patterns were perfectly correlated (sequence pattern
correlation =1.0). On different trials, the patterns were uncorrelated (sequence pattern
correlation =0). Figure 1 displays a sample same and different trial. All aspects of this
experiment, including the stimulus presentation and data collections were computer controlled.

Listeners participated in 2 or 3 experimental sessions per week. Each session consisted of
10 blocks of 100 trials. All experimental parameters (mean and standard deviation of intertone
time intervals, etc.) were held constant within the block of 100 trials. Listeners participated in
several practice sessions, which consisted of 700-1000 trials, before data collection was begun.
There was no obvious improvement in discrimination performance, which was taken as lack of
evidence for any practice effect.

Table 1. Summary of the experimental conditions and average performance (d’) for the listeners in the
experiments.

Experiment unique position other positions obtained d'

pos. mean O, Mmean  Oep mean (std. error)
1 -none- 50 35 3.09 (0.22)
2 -none- 60 20 2.34(0.23)
2a 2 20 20 60 20 2.80(0.27)
2 40 20 60 20 2.75(0.29)
2 80 20 60 20 2.70 (0.28)
2 100 20 60 20 2.76 (0.40)
6 20 20 60 20 2.83(0.31)
6 40 20 . 60 20 2.64 (0.37)
6 80 20 60 20 2.62(0.29)
6 100 20 60 20 2.65(0.17)
2b 2 60 40 60 20 2.67(0.24)
2 60 60 60 20 2.98 (0.23)
2 100 100 100 20 2.52(0.29)
6 60 40 60 20 3.14 (0.29)
6 60 60 60 20 3.51(0.26)
6 100 100 100 20 3.28 (0.28)
"B. RESULTS

The average d’ of the 4 listeners for a mean intertone time of 50 ms and a standard
deviation of 35 ms was 3.09 (first row of table 1). The average weight data from all 4 listeners for
experiment 1 are shown in Figure 2. The abscissa marks the temporal position of each intertone
time interval and the ordinate indicates the relative weight given to each intertone time position.
(The error bars indicate plus and minus one standard error of the mean.) It is clear that listeners
allocated more weight to the first and last temporal positions. The individual data resembled the
average plot, except that two of the listeners gave the highest weight to the first position, and two
of the listeners gave essentially equal weight to the first and last positions. An ANOVA test




(repeated measures design with 4 listeners and 8 temporal positions) indicated a significant effect
of temporal position [F(3,7)= 5.27, p<0.05]. Our model had not made any predictions regarding

the effect of temporal positions.
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Figure 2. The relative weights obtained in experiment 1, averaged over 4 listeners, are plotted as a function of
temporal position. (The error bars represent one standard error of the mean.)



1l EXPERIMENT 2: EFFECT OF SEGMENT MEAN AND VARIANCE ON LISTENER
WEIGHTS

The results of experiment 1 indicated that listeners do not distribute their attention
uniformly among intertone time intervals of equal duration, but rather give more weight to the
early and late positions. In experiment 1, the statistics of the intertone time intervals were
uniform across the sequence. Experiment 2 was designed to investigate whether a change in the
properties of one of the intertone time intervals would be reflected by a change in the listener's
weighting strategy. The statistics of one of the intertone time intervals was manipulated in two
different ways: In part 1 of experiment 2, the average duration of one of the intervals was set to
be either longer or shorter than all of the others (the others all had the same mean and standard
deviation). Recall that the PTD rule predicts that increasing the mean duration of a component
will produce greater listener attention to that segment and decreasing the mean duration will
produce less attention to that segment. The CoRE model, on the other hand, makes no prediction
about the manipulation of mean duration in this situation. In part 2 of experiment 2, the standard
deviation of one of the intervals was set to be longer than the others. Our version of the CoRE
hypothesis is that the relative variance of the segment will be an important factor in determining
the listener’s attention. This is because performance is assumed to depend on a decision variable
based on the weighted sum of the detectability of each segment, and the detectability ofa
segment increases with the segment’s variance. The PTD rule, on the other hand, makes no
prediction about the effect of segment variances.

A. METHOD
1. Listeners ‘/'

Four University of Florida students, two males and two females with normal hearing,
participated in both parts of experiment 2. Two listeners had participated in the first study and -
had prior experience with the task. All listeners were paid an hourly wage plus a bonus based on
performance. The same apparatus and stimuli as the first experiment were used in this experiment.

) 2. Procedure

The procedure, tones and task were the same as in experiment 1. Table 1 summarizes the
parameters of the different conditions run in experiment 2. In the control condition, the mean and
standard deviation of the intertone time intervals were uniform across all temporal positions, as in
experiment 1. The mean intertone duration was 60 ms and the standard deviation of intertone
duration was 20 ms. The reason for choosing these durations was to acquire a simple and
systematic manipulation of the duration of the mean and standard deviation of the intertone time
intervals. In part 1 of experiment 2 (2a), one of the intertone time intervals had either a higher or
lower mean duration than the other positions. This intertone time interval occurred either at the
2nd position or the 6th position in the sequence. The different values of mean intertone-time
tested ranged from 20 to 100 ms, in steps of 20 ms. This mean value was fixed during a block of




trials, as was the position of the unique intertone time (2nd or 6th). The mean and standard
deviation for all the other positions within the sequences were kept at 60 and 20 ms respectively
(see table 1). For part 2 of experiment 2 (2b), one of the intertone time intervals had a higher
standard-deviation, which occurred at either the 2nd position or the 6th position in the sequence.
The mean and standard deviation for all other positions were set to 60 and 20 ms respectively,
except when the standard deviation value was 100 ms. In this case, the mean for all the positions
was set to 100 ms. The different standard deviation values tested were 40, 60, 100 ms (see
footnote 2). Listeners ran several hours of practice trials before the data collection began and no
subsequent practice effects were observed.

B. RESULTS

The average d’ for the four listeners and conditions is provided in table 1. Average
performance in the uniform (control) condition yielded a d” of 2.34. Figure 3 depicts the average
weight data from the four listeners in this condition. The first position is given the highest weight
by these listeners. Note the similarity between the data in this figure and figure 2, of which this is
essentially a replication. All the individual results-showed the same pattern of results as figure 3.
Average performance in experiment 2a, when the 2nd or the 6th position had a different mean
value, are also shown in table 1. Performance was relatively constant over these 8 conditions, .
ranging between a d” of 2.62 and 2.83. The overall average d’ for these conditions was 2.72,
which is somewhat higher than the 2.34 value obtained in the uniform condition. Assuming an
internal jitter of 10 ms, our simple pattern discrimination model predicted a d” value of 2.49 for
both the uniform condition and these unique mean conditions.

The average weights from the 4 listeners for this case are plotted in figures 4 A-D. These
figures represent the average data for the case where the 2nd position had a different mean value
(filled circles) or the 6th position had a different mean value (unfilled circles). In this case, the
standard deviations were all equal and fixed while the mean intertone time intervals of the 2nd or
6th position varied (20, 40, 80, 100 ms). It should be noted that the different mean durations of
20, 40, 80, 100 ms corresponds to 3, 5, 11, 16 percent of the total pattern duratior, while 60 ms,
for all the other intertone intervals corresponds to 8.5 percent. An ANOVA test (repeated
measures design with 4 listeners and 5 mean values) showed no significant effect of a different
* mean intertone time interval at the 2nd position [F(3,4)= 2.24, p<0.05] or the 6th position
[F(3,4)= 1.00 , p<0.05]. However, the individual data in some cases showed a small tendency for -
a larger than usual weight given to the position with a different mean. Figure 5 is a plot of the
average relative decision weight for the 2nd (filled circles) and 6th (unfilled circles) position as a
function of the mean duration of that intertone time interval. The listeners' weights appear to be
independent of the duration of the unique segment (or of the segment’s proportion of the total
pattern duration). ‘
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Figure 3. The average relative weights obtained in the uniform condition of experiment 2, averaged over 4
listeners, are plotted as a function of temporal position. (The error bars represent one standard error of the mean.)
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Figure 4A-D. The average relative weights obtained in experiment 2, averaged over all listeners, are plotted as a
function of temporal position for the case when the longer or shorter duration segment was in position 2 (filled
circles) or position 6 (unfilled circles). The mean duration for the unique position was 20 ms (panel A), 40 ms
(panel B) , 80 ms (panel C), and 100 ms (panel D). (The error bars represent one standard error of the mean.)
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Figure 5. The average relative weight for the 2nd (filled circles) or 6th (unfilled circles) position is plotted as a
function of the mean duration of the unique segment. (The error bars represent one standard error of the mean.)
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Table 1 shows that the average d” in experiment 2b, when the 2nd or 6th time had a higher
standard deviation, was somewhat higher than obtained in case I, when the 2nd or 6th time had a
different mean value. When the higher variance of intertone time interval was assigned to position
2, the obtained d’ values were essentially the same as those obtained in case 1 (2.52 to 2.98).
However, when the different standard deviation was assigned to position 6, performance was
higher, ranging between 3.14 and 3.51. Our model predicts d” values of 2.77, 2.95, and 3.17 for
the Gy, values of 40, 60 and 100; however, the model makes no distinction between the effect of
higher variance when the unique segment is in the 2nd or 6th position.

The effect of variance on weights can be seen in figures 6 and 7. Panel A, B, and C of
figure 6 show average weight as a function of position for different values of the variance of the
unique segment. Filled circles in each panel show the average weight when the unique segment is
the 2nd position and the unfilled circles show the weight when the unique position is the 6th
position. There is a clear peak in weight for the unique positions. This result was also true for the
individual listeners; regardless of which position was assigned the higher standard deviation, all
listeners consistently gave the highest weight to the unique position. Figure 7 shows the average
weight as a function of the standard deviation of the unique position for the 2nd (filled circles) and
6th (unfilled circles) position. In general, the higher the value of the standard deviation of the
unique position, the larger the weight is given to that position by the listeners. In this case, the
weights increase in direct proportion to the standard deviation, which would be predicted by a
maximum-likelihood decision maker. An ANOVA (repeated measures design with 4 listeners
and 4 values for standard deviation) showed a significant effect of changing the standard deviation
of intertone times at both positions; 2 [F(3,3)= 15.7, p<0.05] and 6 [F(3,3)= 16.75, p<0.01}].
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function of temporal position for the case when the segment with the higher standard deviation was in position 2
(filled circles) or position 6 (unfilled circles). The standard deviation of the unique position was 40 ms (panel A),
60 ms (panel B) ., and 100 ms (panel C). (The error bars represent onc standard error of the mean.)
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Figure 7. The average relative weight for the 2nd (filled circles) or 6th (unfilled circles) position is plotted as a
function of the standard deviation of the unique segment. (The error bars represent one standard error of the
mean.)

IV. GENERAL DISCUSSION

These experiments show that listeners can allocate more attention to certain temporal
positions of a stimulus pattern than to others. Typically, most listener attention is given to the first
and last occurring segments and the least listener attention is given to the middle occurring
segments. These results have an important bearing on the Temporal Pattern Correlation and
Proporticn of Total Duration hypotheses, which each assume that a listener allocates
approximately uniform attention over the duration of the stimulus. That assumption is not
supported by the current results. Instead, the present results suggest that early and late-occurring
segments normally play the dominant role in the listener's estimate of the difference between
patterns, and that other segments may be given substantially more weight when appropriate for a
specific task.



It is interesting to compare the present results with the Watson et al. (1975) study, which
found that best performance was obtained when a signal occurred in the last temporal locaticn of
a pattern. There are several important differences between this experiment and the Watson et al.
study (1975) that may account for the apparently divergent results. In the Watson et al.
experiments, the sequences consisted of ten tones of 40-ms duration that ranged from 256-1500
Hz The listener's task was to detect changes in the frequency of only one tonal component in the
pattern, using a same-different task. The frequency of these tones varied randomly within a
sequence. In some conditions, the observer knew which component was the relevant one, and in
other conditions the observer was uncertain about which was the signal component. In either type
of condition, Watson et al. found that the best frequency resolution was obtained when the signal
component was the last one to occur. Watson and his colleagues also investigated conditions in
which a silent interval was inserted after an early-occurring component of the sequence. When
that gap was greater than about 70 ms, detection of the change in frequency of the component
that occurred just before the gap was as good as when that component was the final component in
the sequence. Apparently, the presence of a gap allowed the listener to retain information about a
component that would otherwise have been disturbed by the occurrence of subsequent
components.

We believe that limitations on memory encoding and- memory capacity provide a
reasonable explanation for the primacy and recency effects observed in the present experiment as
well as for the differences in overall performance that we observed in different conditions.
Suppose that the listener most hold detailed, i.e., analog, information about all the segments of a
sequence for later comparison. This would impose a very large demand on the listener’s memory
capacity. This memory requirement could be eased if relevant information that was initially in an
analog form could be transferred to a non-decaying, categorical store. This is essentially the two-
process theory described by Durlach and Braida (1969) in their trace-context model of intensity
discrimination (see also Sorkin, 1987). The theory assumes that data stored in the analog or trace
mode requires a lot of storage capacity and degrades rapidly over time, whereas data that has
been stored successfully in categorical or context mode does not decay. However, the process of
encoding data in the context mode takes time and may be interfered with by the arrival of
subsequent inputs (or the need for more detailed categorization). Separating the tones by gaps

reduces the interference to this encoding process, as shown by the Watson et al. (1975)
" experiment.

In our experiment, the frequency of the tones was kept constant and the intertone time
intervals between all the tones of the sequences was varied. All tones were separated by silent
gaps of average duration equal to at least 60 ms. Thus, many segments in our sequences would
have been effectively separated by gaps of sufficient length to allow some context-coding of the
relevant time data, at least for early segments in the sequence. It is likely that the primacy effect
observed in our experiment occurred because early-arriving information had been successfully
stored in context mode. The data encoded from these early segments did not decay because it was
successfully context-coded. As the sequences played themselves out, the demands on the context
encoding mechanism increased to the point where only trace storage was viable. Moreover,




because the data in trace mode decays and is capacity limited, only the most recently stored trace
data was available. As a consequence of these two memory processes, both primacy and recency
effects were observed. '

Experiment 2a showed that making one of the temporal positions noticeably longer or
shorter than the others did not cause the observers to assign more decision weight to that
position. The first temporal position still received the largest weight. However, there was a small
gain in overall performance when one of the positions was assigned a different mean value.
Apparently, making one of the temporal positions in the pattern different from the others can
make the entire pattern more discriminable from other patterns, but is not a sufficient condition
for changing the listener’s attentional strategy across different portions of the stimulus pattern.

Changing a segment’s duration in our task did not cause it to carry more information than
other segments. This is because changing the mean duration of a component does not affect the
characteristics of the distribution of the differences (or absolute value of the differences) between
the paired time intervals in the two sequences. Rather, allotting more attention to the unique
segment could cause an observer to neglect relevant information from the other segments. Since
in this condition, (a) overall performance increased (albeit slightly), and (b) there was not a
significant increase in weight to the unique segments, we must reject the PTD hypothesis. These
results may suggest why the PTD hypothesis (Kidd & Watson, 1992) holds in some pattern-
discrimination tasks. When one increases the mean duration of one segment of a pattern, the
overall processing of that pattern may be improved because of the consequent change in the
uniqueness of the entire pattern, not because more listener attention has been given to the unique
segment. o

Experiment 2b showed that when one of the temporal positions had a more variable
intertone time interval than the others, listeners allocated substantially more attention to that
position. Contrary to the previous manipulation of mean duration, this manipulation does increase
the information available to the listener from the unique component. That is, increasing the
variance of the intertone time interval provides the listener with additional diagnostic info rmation
about the pattern task because it increases that segment’s signal-to-noise ratio. We obscived &
_pronounced peak in the listener weight for the unique position, whether it was in the second or
* sixth position, a result fully consistent with the basic assumption of the CoRE model.

The particular position of the unique segment in case 2 of experiment 2 had an interesting
effect on overall discrimination performance. Performance was higher when the unique segment
occurred late in the pattern (at position 6). It appears that the listener can use more of the
information from a particular segment when that segment occurs late rather than early in the
stimulus. One possibility is that the information available from early segments is limited because it
has been stored in context mode, and that more complete information is available from the final
segments because that information has been stored in trace mode.
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GROUP SIGNAL DETECTION
1. INTRODUCTION

How effectively can groups of people perform signal detection tasks, and how does
performance depend on the abilities of the individual members and the constraints on team
member interaction? We attempted to answer these questions by comparing the performance of
human groups with the predictions of a signal detection analysis of group decision making. The
signal detection analysis specifies how the accuracy of the group's performance should depend on
the group’s size, the detection abilities of the individual members, the correlation among member
judgments, the constraints on member interaction, and the group decision rule. The analysis also
allows specification of the absolute efficiency of group performance; that is, it yields a measure of
how much the group’s performance differs from that of statistically optimal groups. Our
experiments with groups that performed visual detection tasks lead to several interesting
conclusions about the efficiency of human decision making and to some specific suggestions for
improving the performance of human groups. '

Statistical arguments about the effects of size and member competence on group
performance have existed for more than two hundred years, since Condorcet (1785) and more
recently Einhorn, Hogarth, & Klempner (1977). According to the statistical argument, group
performance should increase with group size, with the most rapid increase occurring when the
competence of the group's members is high and when independent information is available to each
member. These models assume that there is an effective way to combine the members' judgments.
If the expertise of the members varies within the group, each member's input should be weighted
proportionally by her competence at the task (Grofman, Feld & Owen, 1984; Grofman, Owen &
Feld, 1983; Nitzan and Paroush, 1982, 1984; and Shapley and Grofman, 1984).

The empirical data on group performance indicates that human groups are generally less
effective than would be predicted by models that claim optimal use of the members' information.
In a fascinating sketch of 40 years of research on group decision making, Davis (1992), pointed
out that most research has found group performance to be relatively inefficient. Group

_performance usually is superior to the average of individual performance, but less than the

_ statistical expectation (see, also Hastie's 1986 review). Moreover, many studies have found that
group performance either is insensitive to group size or that the advantage of size declines more
rapidly than would be predicted from the statistical argument. All of these results can be attributed
to inefficiency in group function such as might be caused by problems associated with member
interaction or coordination, with reduced member motivation such as social loafing (Latane,
Williams & Harkins, 1979; Shepperd, 1993) or with problems inherent in combining judgments
from members using different scaling functions (Wallsten, Budescu, Erev, & Diederich, 1997,
Myung, Ramaroorti, & Bailey, 1997). '

Recent attempts to model group performance have employed signal detection theory
(Erev, Gopher, Itkin, & Greenshpan, 1997; Metz and Shen, 1992; Pete, Pattipati, & Kleinman,




1993a,b; Sorkin and Dai, 1994; and Sorkin and Robinson, 1996). Metz and Shen analyzed the
gains in the detection accuracy of reading X-ray images that resulted from replicated readings by
the same or multiple readers. Erev et al. (1997) examined the strategic interaction between two
observers in a signal detection task; i.e., when each observer's payofT structure was contingent on
the outcome and the response of the other observer. Pete et al. (1993a) considered the case of
multiple team members working in an uncertain, binary choice detection situation. They
generalized the signal detection model to consider the individuals' as well as the group's, prior
probability and payoff structure; that is, their model allowed joint optimization of the group
aggregation rule and the individual decision rules of the group members.

Sorkin and Dai (1994) took a somewhat simpler approach to group signal detection than
did Pete et al. (1993a). They assumed that each group member would provide a graded estimate
of signal likelihood,-and that the expertise of the members was known  priori to the group. These
assumptions allowed them to sidestep the problem of how to aggregate binary responses from
individuals who might have different biases toward the decision alternatives. They computed the
performance that would result from the optimal aggregation of the members' likelihood estimates;
this specified the performance of the ideal group. The ideal group analysis forms the basis for one
class of detection models to be tested in the present study and provides an upper bound on the
performance to be expected from any group of human participants.

Sorkin and Robinson (1996) also utilized detection theory to analyze the performance of
classical Condorcet Groups. The members of these hypothetical groups do not exchange
information and the group decision is determined by aggregation of the binary votes of the
members’. The performance accuracy of these groups depends on the particular majority decision
rule employed. Pete et al. (1993a) showed that a simple majority was the optimal rule, and Sorkin
and Robinson showed how performance decreased as the majority rule shifted from a simple
majority to more stringent majorities. The poorest performance was produced by a unanimous
decision rule. The analysis of such statistically ‘inefficient” groups is useful for modeling groups of
human members. That is, a reasonable lower bound on the performance to be expected from a
human group is provided by the (member-matched) Condorcet group whose decision is based on
the majority vote of its non-interacting members.

In this report we first provide a description, in signal detection theory terms, of the group
detection problem and of normative Ideal and Condorcet groups. Second, we describe several
experiments which assess the performance of groups of human participants under different task
conditions and different constraints on member interaction. Third, we compare the resulting
behavior to the Ideal and Condorcet predictions. We will show that a signal detection analysis can
account for much of the variance observed in the performance of groups in signal detection tasks.
Finally, we address the question of why group performance efficiency decreases with group size
and some possible ways to reduce that performance decrement.

The basic group detection task in all our experiments was to judge whether the stimulus
input was due to a signal or non-signal event. On each trial, subjects were presented with



graphical visual displays which indicated either a signal or non-signal condition. Figure 8 1s an
example of the stimulus on a signal trial. The readings on the array of 9 gauges shown in the
figure were determined by a statistical distribution. The task was to indicate whether the stimulus
array had been generated from the signal or non-signal distributions; that is, on a signal trial, the
readings on all of the gauges were drawn from the signal distribution. The signal distribution had a
higher mean than the non-signal distribution, and both distributions had the same variance. The
means and variance of the signal and non-signal distributions thus determined the difficulty of the
task. After a group (or individual) decision was made, feedback about the correct answer was
provided. A monetary payoff to the individual depended on the accuracy of the group’s (or
individual’s) response. We assessed the performance of individuals and groups on this task under
display conditions and different constraints on member commanication and group decision rule. In
the next sections, we present the group signal detection analyses of the Ideal and Condorcet
groups.

Figure 8. An example of the stimulus array presented to a subject on a trial of the experiment. The values displayed
on the nine gauges were determined by sampling from one of two normal distributions: for signal, p.e=5.

and for non-signal p,=4 (bottom tic mark=0). The value of the common standard deviation, o, determined

the difficulty of the task.
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Figure 9. Diagram of a group sigrfél detection system composed of m detectors (after Sorkin and Dai, 1994). Each
detector is subjected to two sources of Gaussian noise, one unique and one common to the other detectors
(see text). t

A. GROUP SIGNAL DETECTION THEORY

A benefit of applying signal detection theory to a decision task is that it enables the
experimenter to compute, from the obtained (group or individual) data, separate indices of
. performance accuracy, d', and bias (or criterion), c. The accuracy measure, d', which is expressed
in standard deviate units, can vary between 0, for a chance level of performance, to approximately
4, for errorless performance. The criterton measure, ¢, is expressed in similar units; ¢ equal to
zero indicates that there is no preference toward a signal or non-signal response, and a positive
value of ¢ indicates that there is a preference for the "non-signal" response (Macmillan and
Creelman, 1991). We used these measures to describe both individual and group performance in
our experiments.

Figure 9 shows the general group signal detection paradigm. There are m group members.
Each member has an index of detection accuracy, d’;, and is subject to two sources of variance or
noise: a source unique to that member, and a source common to all members. In a specific



decision situation, the members’ judgments might be expressed as binary responses (yes, no),
ratings of estimated signal likelihood, or other information. These member judgments are then
combined in some manner in order to arrive at a group decision. This aggregation process might
include the exchange of information among the members about member likelihood estimates,
confidence, biases, etc.

Ideal Group Signal Detection
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Figure 10. Diagram of the statistically optimal group signal detection system (after Sorkin and Dai, 1994). Each of
the m detectors is subjected to two sources of Gaussian noise, one unique and one common to the other
detectors (see text). The decision variable, Z. is formed from the weighted sum of the detector estimates.
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1. Ideal Group

Another important benefit of detection theory is that it enables us to specify the behavior of
the statistically optimal or ideal detection system (Green and Swets, 1966; Tanner and Birdsall,
1958). By definition, an ideal detection system employs an optimal decision rule (one based on a
likelihood-ratio statistic) and suffers from no additional sources of noise or error. On average, an
ideal detection system will produce the most accurate detection performance. The ideal analysis
informs us about important task variables and provides us with an upper bound on the possible
human performance.

In order to specify the performance of the ideal group, Sorkin and Dai (1994) extended
Durlach, Braida, & Ito 's (1986) model of multiple channel auditory detection to the group
detection problem: Figure 10 shows how our general-group signal detection paradigm is modified
to arrive at Sorkin and Dai's ideal detection system. On each trial, the array of m detectors is
presented either with a signal input or a non-signal input, and the system must decide which was
presented. On a signal trial, each detector receives an input, mj, and on a non-signal trial, each

detector receives a zero input. The task is made difficult by the presence of two Gaussian, zero-
mean noise sources at each detector. The variance of these noise sources is, respectively, 62 coms

which is the variance of a noise source that is common to all the detectors, and 62; , which is the

variance of a noise source that is unique to each detector. Although the unique noise source at
each detector is independent of the noise at any other detector, the magnitude of the unique

sources is constant across the array of detectors and is equal to 02;,d; that is: 0‘21=022=

...:Gzind'

The output of each detector, Xj, will be normally distributed with a mean of {t; or zero

(respectively, depending on whether the trial was a signal or non-signal trial), and with a variance
equal to the sum of the common and unique noise variances. The index of detection sensitivity,
d', for an individual detector is the difference between the means of the input on sigaal and non-

signal trials, divided by the square root of the total noise variance,

1/2

R 2 2
di - Hi/(Gcom+cind) (1)
By definition, the correlation between any pair of detectors is,
p= Gzom / (Gzom + Giznd )1/2 (2)
We simplify further by normalizing the total variance:

ol +oi, =1

com ind

)
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then,
di= (4a)
Cem = P (4b)
G =1-P (40)

How should the detector outputs be combined to make the signal/non-signal decision? A

decision statistic that is equivalent to a likelihood ratio statistic can be formed by linearly summing

the weighted estimates of the individual detectors (see, e.g, Ashby and Maddox, 1992; Berg and
Green, 1990; Green, 1992; Durlach ef al., 1986; Sorkin and Dai, 1994). The group decision
statistic is '

z-Sax,
i=1 (5)

where the {4;} are optimal decision weights applied to the estimates of the individual detectors.

To arrive at the group response on a trial, the aggregate judgment, Z, is compared to a criterion
value, Z,. When Z > = Z, the group response is "signal", and when Z < Z, the response is "non-

signal." The optimal weights'/{ﬁi}_ are specified (Durlach ef al., 1986; Sorkin and Dai, 1994) by:

a, = [1+p (m-1)]d;- pmd - (6)

Equation 6 shows that the optimal weights are proportional to the individual indices of
detectability. The estimates of detectors having high d’s should be afforded higher weights than
detectors having small d’s. Using the optimal weights yields the ideal performance (Sorkin and

-Dai, 1994):

1/2
: mVar(d;) md’
didcal = +
1-p 1+p(m—1)

(7

When the correlation is zero, equation 7 reduces to the familiar expression (Green and Swets,
1966):




d'igeat = {i(d‘i)z} (3)

i=1

s the performance of the ideal group; this 1S the maximum
performance to be expected from a group of m detectors having a specified mean, variance, and
correlation. The equation also suggests what to expect from groups whose performance is similar
to, but less than the ideal's: (1) Group performance will increase when m increases, (2)
performance will increase as Nm when p=0; (3) performance will increase when the variance in

member ability increases, and (4) much of the advantage of group size will be lost when p>>0.25.

The top curve of figure 11 shows ideal group performance as a function of group size, for a group
of detectors with the parameters: p=0, mean d'=.69, and var(d)=0. This curve constitutes an
upper bound on the performance of any group having these member statistics.

Equation 7 specifie
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Figure 11. Performance of Ideal, Human and Condorcet Groups as a function of group size, m. The upper curve is
ajority rules of m,

the curve for the Ideal Group and the lower set of curves is for Condorcet Groups employing m
m-1, m-2, m-3, and nv/2 (see text). The numerical symbols are the data (scaled to d’=0.69) from experiment 1. The

diamond symbols are the data from the DSNR=1, p=0 conditions of experiment 2.
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What are the consequences of using non-optimal weights? If uniform weights are
employed (i.e., if a; = 1/m), performance is given by the right hand term of equatton 7,

o = (@ ¥m )/ J1+p(m-1) ©)

Equation 9 provides the performance of ideal Delphi groups. The members of a Delphi group
maintain their anonymity during deliberations. That is, they employ a uniform weighting strategy
in spite of differences in the d” of individual team members. Delphi groups often have been used in
the military and in industrial situations.

The performance of a group using an arbitrary set of weights, {a;}, is given by d'weijght,

k]
where™;

iaid'i

d' — i=1

\E o) +p(3 e )

=1 = {signal, no signal} (10)
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Neommon L l ““““ j
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Figure 12. Block diagram of normative Condorcet signal detection system composed of group of m
members (see text).
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2. Condorcet Groups

A group whose decision is determined by a single binary ballot of the members is known
as a Condorcet group, after the French mathematician, the Marquis de Condorcet (1785).
Condorcet characterized the expertise of a group member by the single parameter, p;, the
probability that the member will vote for the ‘correct’ alternative. Condorcet’s jury theorem states
that if the (mean) p; for the group is greater than 0.5, the probability of a correct majority vote
will increase rapidly toward unity as the group size increases to infinity. Condorcet’s theorem has
been extended by researchers in many fields, such as economics, political science, electrical
engineering, and psychology (Austin-Smith and Banks, 1996; Grofman, Feld, and Owen, 1984;
Karotkin and Paroush, 1994; Miller, 1986; Pete, Pattipati, and Kleinman, 1993a, 1993b; Sorkin
and Dai, 1994). One goal has been to define the best decision rule for obtaining a group decision,
given a set of member competencies. For example, when the outcome matrix in the task is
symmetric (there is an equal payoff for correctly choosing either alternative, an equal penalty for
incorrectly choosing either alternative, and equal prior probabilities of each alternative), the
optimal decision rule is a weighted majority rule, where individual members’ votes are weighted
by the logarithm of the odds of their making the correct choice (Nitzan and Paroush, 1982,
1984a b,c; Grofman, Owen and Feld, 1983, Shapley and Grofman, 1984).

Contrary to the traditional analyses, the signal detection analysis recognizes that a group
member’s behavior cannot be characterized by the single competency parameter, pi. In a signal
detection framework each member’s behavior is summarized by two parameters: the sensitivity,
d’;, and the response criterion, ¢;. In an experiment these may be calculated from the obtained hit
rate (the probability of responding yes given that the signal occurred), and false alarm rate (the
probability of responding yes given that the signal did not occur). (See Green and Swets, 1966,
Macmillan and Creelman, 1991; Swets and Pickett, 1982.)

Figure 12 shows a schematic array of a normative Condorcet group. As in the previous
group models, the group is composed of m members, and each member is characterized by a
detection sensitivity, d’;. In this model, each member also has a response criterion, c;. As before,
each member is subject to two sources of noise, a unique souice, and a common source. For
simplicity, we now assume that the member’s likelihood estimates are uncorrelated, 1.€.,
N0iSCeommon = 0, but relaxing this assumption does not change the general results. Each member
observes the stimulus input and then estimates the likelihood that the input on that trial was
caused by a signal event. This estimate is compared to the member’s response criterion, ¢;. If the
estimate exceeds ¢;, the member votes yes. Only one ballot is taken and the group decision is
determined by application of the majority rule, r, to the binary votes of the members. The specific
majority rule is assumed to have no effect on the set of detection sensitivities, {d’; }, or response
criteria, {c;}, of the individual members.
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Figure 13 Receiver operating characteristics for single-observers and for 9-person group using majority rules of 5,
7, 8, and 9 yes votes.

a. Condorcet Receiver Operating Characteristic

An individual or a group’s detection behavior over a set of trials can be summarized as a

- hit rate and a false alarm rate. This outcome is a point on a plot of hit rate versus false alarm rate
as shown in figure 13. Signal detection models predict that as an observer shifts her response
criterion from a very conservative to a very liberal bias, the resulting set of hit and false alarm
rates will fall on a curve that increases monotonically from point (0,0) to point (1,1). This curve is
called the observer’s receiver operating characteristic (ROC). The two dashed lines in figure 13
show ROC curves for a single observer, generated under the usual assumptions of equal variance,
normally distributed signal and non-signal hypothesis distributions, for d’s of 1.69 (lower) and 2.6
(upper curve).

We wish to calculate the effect of a specific majority decision rule on a Condorcet group’s
performance. Suppose that we hold constant all the factors that affect the members’ detection




sensitivities (task ditticulty, signal level, etc.), but we cause the members to adopt new set of
response criteria, {Ci}, more conservative and/or more liberal than the original set. The resulting
group hit and false alarm rates would define the locus of ROC points obtainable at a constant
member sensitivity and under a specific majority rule, i.e., the group ROC for that majority rule.

To assess the behavior of our normative Condorcet groups, we specified a fixed signal-to-
noise level for the stimulus and assumed a set of member &’; values. We then specified the
majority rule, and calculated the probabilities that the group would vote for signal when there was
a signal and the probability that the group would vote for signal when there was no signal. This
calculation is straightforward when all the members have the same d’ and the same c. Then we
picked a new C value that was more liberal or more conservative that the initial value and repeated
the calculation. Figure 13 shows the ROCs for a group of 9 members that resulted from using
majority decision rules of 5,7,8,and 9. It is clear that the stricter majority rules lower the overall
ROC and also slightly flatten the liberal portion (upper half) of the ROC.

To summarize the performance accuracy of a group’s behavior, we used the equivalent
normal-normal detectability, d’., derived from the area under the obtained ROC curve (Green and
Swets, 1966; Macmillan and Creelman, 1991; Swets and Pickett, 1982; see also Swets, 1986a,b;
Swets, 1988). The area under the ROC curve is equivalent to the percent correct in a two-
alternative forced-choice version of the detection task. Other accuraCy measures that we
examined gave the same results because the group ROC curve closely resembles the normal-
normal, single-observer ROC curve, as can be seen in figure 13. We shall refer to the area-
derived-d’, measure of group accuracy as d’ group-
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Figure 14. Group performance (d"group) @S 8 function of the majority rule for groups of different size.
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Figure 14 shows the effect of different majority rules on the measure of group accuracy,
d group, fOT @ group whose member d’=1. The performance level of different size groups is plotted
as a function of the majority rule; the y-axis shows dgoup and the x-axis shows the number of
votes required for a group signal decision. The parameter of the curves is the group size. Group
detection accuracy decreases as the required majority becomes more stringent. For example,
d’ group fOr @ 9-person group using a simple majority rule (x =5) is approximately 2.5. When that
group uses a decision rule requiring 8 or 9 votes, d’gowp drops to values of 2.0 and 1.7,
respectively. Performance accuracy, d’ group, has the units of standard deviates, so a drop of 1 or
even % is potentially important. For this 9-person group, there is about a 10% drop in percent
correct from the simple majority to the unanimity cases.

When d’ and ¢ are not constant over the group’s members, the computations of d’ goup are
more complicated but the result is the same. We ran Monte Carlo simulations of cases when the
variance of the members’ d” or ¢ was non-zero: First, we genetated sets of member sensitivities
{d;} and critefia {c;} by assuming normally distributed distributions of d” and ¢ and by specifying
the set statistics: pa, Ga, e, and o.. Then, we caused the group to shift to a new group response
criterion, either more liberal or more conservative than the previous value by generating a new set
of mémber criteria using the same o as before, but with a new jt value. We repeated the
assessment of group hit and false alarm rate, generating a range of hit and false alarm rate pairs
for the cases when G¢ and o, exceeded 0.5. The group d’ values that resulted from these ROCs
were very close to those obtained in the zero variance cases.

Another way to view the normative results is to consider how group performance
increases with group size for different decision rules. This is shown in the lower curves of figure
11. As the majority rule becomes more stringent, the performance advantage of having larger
sized groups decreases. ‘

3. Measures of Group Efficiency

It is useful to have a summary measure of how much the observed performance of a ‘real’
group of human observers differs from a hypothetical reference group such as the ideal group or
the Condorcet group. In a hypothetical group situation, such as faced by the Condorcet, non-
interacting, unanimous rule group, the detection theory analysis defines the highest level of

. performance possible for a real group of observers to attain in this situation. The degree to which
- the performance of the real group is less than this optimal level may be quantified the efficiency

measure, 1, (Tanner and Birdsall, 1958), where
=@ YA ideal)” ()
N observed ideal

Efficiency is defined as the ratio of squared d's, because in many sensory situations (d’)2 is
proportional to signal energy. In such cases, the efficiency calculation yields an energy ratio. An
efficiency of 0.60 would mean that performance equal to the human detector's would be provided
by an ideal detector that used 60% of the signal energy. Of course the definition of efficiency
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depends on appropriate definition of the “ideal” comparison group, i.¢,, the particular constraints
of the group detection situation.

4. Performance of Human Groups

Given the analyses of Condorcet and Ideal Groups, we can postulate five reasons why a
group of human subjects might fail to reach the performance level of the ideal group (see Table
2). First, the judgments of individual subjects may be partially correlated; this would lead to
performance much less than that of the zero-correlation ideal group. Second, the group decision
might be made without communication among the members, based only on a ballot of the
members' binary votes, as in a Condorcet group. Third, there might be inappropriate weighting of
member judgments, as in the case where the judgments of certain members had an undue influence
on the group decision. Fourth, additional sources of noise might be present in the members'.or
group's decision process such as: (a) a limit to the precision of aggregating the members’
estimates of signal likelihood, or (b) variability in the scales employed by members in their
judgments of signal likelihood. Finally, there might be motivational factors, such as social loafing,
that would cause members to decrease their observational efforts as the group size increased.
These possibilities were evaluated in a series of experiments with human groups. The first
experiment tested hypotheses relating to the behavior of human in non-interacting groups. The
second and third experiments attempted to obtain near ideal group performance.

Table 2. Hypotheses about the decrease in efficiency with group size for human groups.

1. Partially correlated judgments (p>0).
2. Incomplete member-member communication.
a. Condorcet case - members lack knowledge of other members’ judgments, expertise, or criteria.
b. Delphi case - members lack knowledge of other members’ expertise or criteria.
3. Inappropriate weighting of member judgments
a. Delphi case - uniform weights
b. Pathological case - the judgments of some members receive excessive or insufficient weight.
4. Additional noise.
a. Limit to the precision of aggregate judgments.
b. Variation in members’ estimation scales.
5 Motivational factors - members reduce individual detection effort as group size increases.

[I. EXPERIMENT 1. PERFORMANCE OF CONDORCET GROUPS

The signal detection Condorcet analysis raised several questions about the performance of
groups of human observers in a signal detection task. First, would one see similar large decreases
in the performance of groups of human participants as the majority rule is made more stringent?
Second, does a more stringent rule produce a change in the individual’s behavior? It is clear that a
stringent rule will cause the group hit and false alarm rates to decrease, thereby resulting in a
more conservative group decision criterion, Ceoup. The question is whether this will have an effect
on member detection sensitivity or decision criteria. Specifically, will forcing the group decision to
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be more conservative cause the member decisions to be more liberal? Experiment 1 was designed
to address these questions by implementing the group detection situation under conditions where
the group members could not communicate with each other and where the group decision was
automatically determined by the majority rule of the binary votes of the group members.

A. METHOD

Observers performed a graphical signal detection task, cither individually or in groups of 5
or 7 members. On each trial, observers were presented with a nine element visual display
consisting of analog gauges similar to those shown in figure 8. Following the display, observers
had to indicate whether the display indicated a signal or noise condition. The values displayed on
the nine gauges were determined by sampling from one of two normal distributions: for signal,
ug=>5, and for non-signal p,=4. The value of the common standard deviation, G, was set equal to
2 25. The detectability of a single element of the display is given by d’single ctoment = (ug- g Yo =
0.44. The best detection performance, given the full display of nine independent display elements,
would be V9 times the element detectability, giving a display signal-to-noise-level (DSNR) of 0.44
\9 = 1.33 (Green and Swets, 1966). In experiments using similar graphical materials, Sorkin,
Mabry, Weldon, & Elvers (1991) and Montgomery and Sorkin (1996) showed that limitations on
human processing, presumably caused by the display's brief duration and other factors, resulted in

performance that was about 75 to 80% of the ideal values; this leads to a prediction of d’=1.0 for
individual observers in the present experiment.

1. Subjects

University of Florida students, six men and two women, participated in the study. All of
the subjects had normal or corrected-to-normal visual acuity. Subjects were paid $4.25 per hour
plus an incentive bonus that was based on the accuracy of performance. In the individual
conditions, the bonus depended on the accuracy of the individual's performance. In the group
conditions, the bonus depended on the accuracy of the group's performance. The bonus averaged
approximately $0.75 per person per hour.

" 2.Apparatus and Stimuli

Stimulus generation and presentation were done with Insight 4086 computers arranged in
a local area network. The stimuli were displayed on 14 inch color monitors with the intensity set

at approximately 100 cd/m2 measured from a uniform white field. Subjects sat approximately 610
cm away from the monitor in a quiet, fluorescent lit laboratory room,; the nine gauges subtended a
visual angle of approximately 8° vertical by 22° horizontal. Responses were made via a standard
computer keyboard. During the group phase of the experiment, subjects were seated close to each
other but could see only their own monitor.




The display elements consisted of two parallel vertical lines with tick marks on the left
line, dividing the gauge into 20 intervals (10 major tics and 10 minor tics). A value of 0 was
represented by the tic at the bottom of the gauge, and a value of 10 was represented at the top.
Two larger green ticks marked the mean of the noise and signal distributions. On a given trial, '
each of the gauges displayed, via a red horizontal line the width of the gauge, values that had been
independently drawn from the same distribution. Half of the trials (randomly) were drawn from
the signal, and half from the noise distribution. Stimulus duration was 167 ms. A white mask (200
ms) followed presentation of the stimulus. The majority required for a group ‘yes’ response was
constant for a block of trials and was indicated before each trial. After all of the members had
made their response, each member was provided feedback about the number of signal votes cast,
the group decision, the trial outcome (correct or incorrect), and the cumulative number correct.

3. Procedure

Each subject had extensive experience in individual sessions of the task (at least 700 trials)
before running in the group sessions. A session took approximately 1.5 hours and subjects were
encouraged to take rest breaks after each block of 100 trials. After the individual session, subjects
ran two sessions each in groups of either 5 or 7 members. Subject assignment to groups
depended on schedule availability; 6 people were common to the two 7-member groups, and 4
people were common to the two 5-person groups. A trial block consisted of 100 trials at a fixed
majority rule. The order of majority rules in the 5 person sessions were 5-3-4-5-3-4 and 3-5-3-5.
The order in the 7-person groups were 4-7-6-4-7-6 and 4-6-7-7-4. Subjects were instructed not to
talk during the experimental trials. '

B. RESULTS

Figures 15 through 18 summarize group and individual performance as a function of
the majority rule employed. Figures 15 and 16 are plots of the group detection index,
d’group, and the average detection index for the individual members, mean-d’;, as a function of
the majority rule imposed. Figure 15 shows the performance of two groups of 7 members
and figure 16 shows the performance of two groups of 5 members. In all cases, there was a large

. drop in obtained d’gowp as the majority rule increased from a simple majority to unanimity. The
average drop in d’go, from the simple majority to the unanimous conditions was greater than 0.7

d’ units. The worst-case standard error in d’ for these conditions is approximately 0.2 d’ units
(200 trials). There were no significant differences in d’; attributable to either the participant or the
majority rule condition.

Figures 17 and 18 are plots of the group criterion, Ceroup, and the average criterion of
individual members, mean-c;, as a function of the majority rule condition. Figure 17 shows the
criteria for two groups of 7 members and figure 18 shows the criteria for two groups of 5
members (absent one condition not run). As required by the majority rule manipulation, stricter
majority rules produced smaller group hit and false alarm rates, and therefore large increases in

Croup. We were interested in whether stricter rules also resulted in group members shifting to more
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liberal individual criteria. The average c; data indicated a tendency in this direction. Analyses of
variance of the criterion data for the 5 and 7 person groups indicated significant effects of
participant [F(6,38) =4.84,p < 0.001; F(4, 40) = 4.09, p <0.01] but marginal effects of majority
rule. A significant effect of majority rule was indicated for the 7-person groups [F(2, 38) =837,
p<0.001, but a marginal effect was indicated for the 5-person groups F(2, 40) = 2.78, p <0.10].
An examination of the individual subject criteria indicated that three of the group members
consistently shifted their criteria in a more liberal direction with stricter rules, while the other
members shifted their criteria smaller amounts in either direction. After the experiment one of
three consistent shifters remarked, “I get it; the trick is to respond yes more often when the
majority rule is unanimous,” or words to that effect.

How does the performance of these groups compare to the normative prediction? We

used the mean and standard deviation of the obtained d’; at each majority rule condition as the

values for our Monte Carlo simulations of the normative Condorcet-group. The resulting d’ group
values are plotted as the circle symbols (and connected solid lines) in figure 15 and 16. These
values provide a good fit to the performance of the human groups.
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Figure 15. Group (open bars) and individual (shaded bars) performance (d) as a function of the majority rule for
the 7-person groups. The plus symbols are the prediction of the normative model (see text).
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lines and symbols show the group results and the open lines and symbols show the average of the
individual values.

C. DISCUSSION

Figure 11 showed the large differences in performance between the normative ideal group

" and the Condorcet simple majority group. These performance differences are due to the use of
binary rather than continuous estimates of signal likelihood and to the weighting of member

judgments without regard to individual expertise. The present analysis shows that there can be
even further losses in performance accuracy when decision rules other than the simple majority
are employed. For the purposes of comparison, we have scaled the group data shown in figures
15 and 16 to allow plotting on figure 11. The scaled data are plotted as numbered symbols that
show the majority rule condition run. The data show that the Condorcet model provides an
approximate description of the effect of majority rule in this condition.

We can conclued that, provided the detection sensitivities of a group’s membership are
constant, a more stringent majority rule will produce a decrease in the accuracy of the group’s
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performance. That is, the performance of a normative Condorcet group will decrease as the
majority rule is changed from a simple majority to a two-thirds majority to a three-quarters
majority to unanimity. When a stricter majority rule is imposed, group members can adjust their
individual criteria to try to compensate for the more conservative group response criterion--but
they cannot compensate for the loss in group performance accuracy that is produced by the strict
rule. Furthermore, the loss in accuracy that is produced by a more stringent rule can be very large.

Given the normative result, it is not surprising that the performance of the human groups
that we tested decreased with more stringent majority rules. In fact, the only way that a group of
human participants could avoid having a decrease in their group performance with-a more
stringent majority rule would be if the participants increased their individual detection sensitivities
under a more stringent rule. This would be a highly non-intuitive outcome, and in fact we found
no evidence for changes in individual detection sensitivity with changes in majority rule. On the
other hand, it does seem reasonable to expect participants to try to compensate for the bias shift
imposed by a more stringent rule. We expected that, under stricter rules, members would shift
toward more liberal individual criteria. The data favored this hypothesis but reached statistical
significance only for the 7 person groups. A few subjects appeared to have adopted this strategy,
but most did not vary their criteria with majority rule in any consistent way:-

Can the performance of a voting group be improved by providing additional information
to the members? We can imagine groups whose members, prior to voting, supply each other with
information that allows each member to estimate the detection competence and response criterion-
(or graded likelihood estimate) of every other member. Certain formal constraints, such as those
imposed on juries during important trials, may act to encourage such interactions. We would not
expect to see the deleterious effect of strict majority rules on the performance of such groups. For
example, if a more conservative rule produced an increase in the communication among groug .
members, that rule would result in more accurate performance. Our simulations of such situaiions
indicate that stricter majority rules increase the accuracy of group performance.

If a group must operate under Condorcet constraints on member interaction, is the simple
majority always the preferred majority rule? We can say that it is usually best to operate on the
. receiver operating curve that is characterized by the highest d’. Therefore, if a conservative
" criterion is desired, it would be preferable to encourage the individual members to adopt more
conservative response criteria, rather than to use a stricter majority rule. Such a strategy would
shift the group’s operating point to a new point on the simple-majority ROC, rather thanto a
point on the lower, strict-rule ROC. Finally, we remind the reader that our analysis applies only
to cases when there is no sharing of information among members because allowing such
communication might diminish or even reverse these majority rule effects. However, useful
information sharing among members may not be feasible when the groups are very large. In those
cases, the best rule probably is the simple majority rule.
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[11. EXPERIMENT 2. INTERACTING GROUPS

The constraints on observer inter-communication in experiment 1 produced a large effect
on group performance. Suppose that these observers had been allowed to communicate freely
about their detection judgments and had not been constrained to a specific majority decision rule?
How much would performance have been improved? From figure 11, it is clear that there is a
wide area of possible performance between that obtained with simple majority rules and that
possible at an ideal level. Experiments 2 and 3 were designed to test whether the performance of
human groups could be increased to levels approaching the ideal prediction. In addition, in order
to test the applicability of equation 7, we examined the effects on performance of varying the
inter-member correlation and the d” of individual members.

A. METHOD

Subjects again performed a graphical signal detection task, either individually or in groups
of from 2 to 7. The values displayed on the nine gauges were determined by sampling from one of
two Normal distributions: for signal, pg=5, and for non-signal p,=4. The value of the common

standard deviation, &, was set equal to 1.5, 2, 2.5 or 3 in different conditions of the experiment.
Display element standard deviation values of 3, 2.5,2, and 1.5, yielding DSNR conditions of 1,
1.2, 1.5, and 2, respectively, were used.

1. Subjects

Eight University of Florida students, seven women and one man, participated in the study.
All of the subjects had normal or corrected-to-normal visual acuity. Subjects were paid $4.25 per
hour plus a small incentive bonus that was based on the accuracy of performance. In the individual
conditions, the bonus depended on the accuracy of the individual's performance. In the group
conditions, the bonus depended on the accuracy of the group's performance. The bonus averaged
approximately $0.40 per person per hour.

2. Apparatus and Stimuli
Stimulus generation and presentation were the same as in experiment 1 except that
stimulus duration was 370 ms during practice sessions and 320 ms during all experimental trials

and a centered cross (0.5") fixation stimulus (200 ms) preceded the stimulus, and a white masking
screen (200 ms) followed presentation of the stimulus.
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3. Procedure

Each subject first was tested alone in the individual detection sessions. The individual
sessions were run before any group conditions, and then rerun again after all the group conditions.
A trial block consisted of 125 trials at a given DSNR level. An experimental session consisted of
16 blocks, presented in sequences of flour blocks at a given DSNR. The DSNR levels were
randomized both within and across sessions. After two practice sessions, subjects performed the
task for 2000 trials at each of the four DSNR conditions. A session took approximately 1.5 hours
and subjects were encouraged to take rest breaks after each block.

After the individual session, subjects were run in groups of 2, 4, 6, and 7 members.
Subjects were randomly assigned to one group of 8-members, two groups of 4-members, and 2
-groups of 2-members. The 2-member groups were randomly chosen from the 4-member groups.
However, the male subject was purposely excluded from the 2-member groups, to minimize any
chance that his presence would bias that group’s decision (Clement & Schiereck, 1973). We had
planned to use 8 subjects in the largest group. Due to absenteeism and scheduling problems, the
large groups tested consisted of only 6 or 7, rather than 8, members.

In the group sessions, the trial blocks consisted of 100 trials, run in two, 4-block sets, -
randomized within and across sessions with respect to DSNR and correlation. The trial procedure
was the same as for the individual sessions, except for the response sequence. In the individual
sessions the subject had up to 1000 ms following the masking screen to make a response. In the
group sessions, a 700 ms blank screen was presented after the masking screen .. Then, one
member of the group was randomly selected to receive a screen message telling her that she was
to give the group’s answer. There was no time limit for a response. Group members were
encouraged to talk about their judgments both during the 700 ms blank period and the period
after the group responder had been selected. Following the response, the entire group reccived
feedback about the nature of the trial and the correctness of the response.

Two additional manipulations were made during the group sessions, in addition to
changing DSNR. First, the distribution of DSNR was set either the same for all members of the
_ group (the equal DSNR condition) or, for some 4-person groups, was intentionally varied so that
" the task difficulty for two members was twice that for the others (the unequal DSNR condition).
Second, the stimulus displays were either independent (r =0 condition) for all group members or
were partially correlated (r = 0.25) between group members. Table 3 summarizes the conditions
for the group sessions. (Some of the low difficulty conditions were omitted for the larger groups,
because the group performance would have been too high to measure accurately.)

The correlation between group members was manipulated using a method used by Jeffress
and Robinson (1962) and Sorkin (1990) in auditory experiments. The method can be understood
by considering how the values were generated for element 1 (the left-most element) in subject A
and subject B’s displays. In the independent condition (p=0), each of the elements was drawn
separately from a separate normal distribution as follows: For subject A, the value of element 1
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was cqual to x,; for subject B, element | was equal to xp; where X, and xp, were normally

distributed, independent, zero-mean, equal variance, random variables. However, in the correlated
condition (p=0.25), the value for each subject’s display element was generated as follows: For
subject A, the value of element 1 was set equal to 0.87x,+0.5x, and for subject B, element 1 was
set equal to 0.87xy+0.5x, where X3, Xy, and x were independent, normal, zero-mean, equal

variance, random variables (i.., the principle is the same as stated by equation 2). In the
correlated condition, the corresponding elements in all pairs of subject displays were generated in
a similar fashion. ‘

Table 3. Experimental conditions for the group sessions.

Size Correlation DSNR Group Number
m r : Membership : of Blocks
2 0 1 S152 T 12

2 0 1 8586 8
2 0 2 S182 8
2 0 2 S586 8
2 0.25 1 S182 8
2 0.25 1 85 86 8
2 0.25 2 S182 8
2 0.25 2 S5 86 8
4 0 1 S18S28354 8
4 0 1 S5 86 S7S8 8
4 0 1.5 S1828334 8
4 0 1.5 S5 86 S7S8 12
4 0.25 1 S15283 54 8
4 0.25 1 S5 86 8788 8
4 0.25 1.5 S1S28S8384 8
4 0.25 1.5 §586 57 S8 11
4U 0 1,1,2,2 S2 855788 8
4U 0 1,2,1,2 S2 858788 4
4U 0 2,2, 1.1 S2 855788 4
6 0 1 S1S3S5868758 4

7 0 1 $2 S3 84 S5 86 87 S8 4

6 0 1 $2 S3 84 S6 S7 58 4
6 0 1.2 S183 55868788 4

7 0 1.2 S2 83 S4 S5 S6 8738 4

7 0 1.2 S15253S4858687 4

7 0.25 1 S182 8385868788 4

7 0.25 1 S1 828384 855657 4

7 0.25 1.2 S2 S3 84 S5 86 S7 88 4

6 0.25 1.2 ' $2 83 84 S6 87 S8 4

B. RESULTS AND DISCUSSION

We evaluated performance in all conditions of the experiment by calculating detection
indices (d') and criterion (c) measures based on the obtained individual and group hit and false
alarm rates (Macmillan and Creelman, 1991). The criterion measures were generally near zero,
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ndicating an absence of response bias, and they did not vary in a consistent way across

conditions, subjects, or groups'. Therefore, our analysis will consider (a) the individual and group
detection indices, and (b) the weighting strategies employed in the group conditions.

Group d'

2.0 —

o
[ o
=
0
&
1.0 —
0.5 }— 0=0 0.5 }— o= 025
| | i J. { i | i ; | | !
0 12 1.4 16 1.8 2.0 1.0 1.2 1.4 1.6 1.8 2.0
Display signal=~:o—noise ratio Display signcl-1o--noise rotio

Figure 19. The obtained performance (d') of all groups, plotted as a function of the display signal-to-noise ratio.

The left and right panels show, respectively, the data for the p=0 and p=0.25 correlation condition. The
plotted symbols (/, 2, 4, 6, 7) indicate the group size. The data for the individual () condition is repeated
in each panel. The brackets indicate plus and minus one standard error of the mean.
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The lowest curve on each panel (/-symbols) in figure 19 shows the individual detection
performance as a function of DSNR. The obtained detection performance was a linear function of
DSNR, consistent with the predictions of (single-observer) detection theory. The level of
performance was consistent with previous results using a similar task (Sorkin et al, 1991;
Montgomery and Sorkin, in press). Average individual detectability at a DNSR equal to 1, was
0.77 with a standard deviation of 0.12. There was no significant difference between individual
performance in the test (pre-group sessions) and retest (post-group sessions) conditions.

The indices of observer performance obtained in the individual conditions can be
converted into measures of individual detection efficiency using equation 10, ie.,

hi=(d'i/DSNR)2. Observer efficiency in the individual sessions averaged 0.61, consistent with
previous data. Efficiency was moderately consistent across subjects (the largest standard deviation
in h; across subjects at any DSNR was 0.17) and was highly consistent across display signal-to- -
noise ratios (the largest standard deviation in h; across conditions for any subject was 0.1).

Figure 19 also shows the effect of DSNR on the performance of groups of size 2, 4, 6, and
7 (indicated by the plotted symbols 2, 4, 6, 7). The left and right panels of the figure, respectively,
show the results for the uncorrelated and correlated conditions. As in the individual case,
performance increased with DSNR (the increase with DSNR for 6 and 7 member groups did not
reach statistical significance). Group performance also increased with group size (for the p=
condition, F[4,51]=4.56, p<.003). Consistent with the theory, the performance advantage of size

was reduced in the p=0.25 conditions.
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Figure 20. A plot of the obtained versus the calculated ideal performance for all conditions in the experiment. The
ideal d' predictions were generated from the data in the individual conditions. The data symbol shows the
group size; U indicates the unequal difficulty (DSNR) conditions.
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Figure 21. A plot of performance efficiency as a function of group size, for the p=0 conditions (circle symbols).
The triangle symbols shows the weighting efficiency, the group's ability to weight a member's contribution

by the member's expertise.

1. Analysis of Group Efficiency

Theoretical predictions of performance in the group conditions were calculated in the
following way. For each group, the d’ values obtained in the members' individual sessions were
taken to specify the values for those members in the group conditions. For example, in order to
predict the performance of the 4-person group that consisted of subjects S1, S2, S5, and S6, the
d’ values that had been obtained in the individual sessions for these subjects were used to evaluate
equation 7. Figure 20 is a plot of the obtained vs. predicted d' values for all the group conditions.

An interesting result is evident in figure 20; the discrepancy between obtained and ideal
performance increased with group size. For example, the performance of the 2-person groups was
very close to the prediction, while the performance of the 6 and 7 person groups was generally
much less than the predicted ideal level. The points marked with a U symbol, indicate the 4-
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person, unequal difficulty. groups in which we had arranged that two subjects had high and two
subjects had low DSNRs. The unequal difficulty conditions are considered further in the section
on decision weights.

The obtained and ideal d' values shown in figure 20 were used to compute the efficiency,
n, of group performance. As in the individual conditions, efficiency in the group conditions was
highly consistent across different DSNR levels and somewhat consistent across groups of similar
size. Figure 21 shows (circle symbols) the efficiency of group performance as a function of group
size, for the p=0 conditions. The figure shows more clearly the result suggested by the previous
figure; efficiency started out a very high level, 90% for the 2-person groups, but fell rapidly as
group size was increased. This result also can be seen in figure 11. The diamond symbols show
the data for the DSNR=1, p=0 conditions of experiment 2. Group performance increases with
group size but at a slower rate than the ideal model. In fact, the function appears to fall into the
Condorcet region when m=5 meinbers. In the next section, we consider the possibility that the
decrease in efficiency was due to the use of-a non-optimal weighting strategy.

a. Analysis of Decision Weights

A correlational technique developed by Lutfi (1995) and Richards and Zhu (1994) was
used to determine the relative weights assigned to each member during the response deliberation
process. This technique is based on Berg's (1989,1990) Conditional on Single-Stimulus (COSS)
analysis of decision weights in individual sensory tasks. Sorkin ef al. (1991) employed the COSS
technique in a study of visual displays using stimuli similar to those in the present experiment. The
basic idea of the correlational analysis is to compute the point bi-serial correlation between the
stimulus presented to an observer and the group's response, over trials. This correlation (scaled by
the variance of the stimulus data, and using partial correlations when r>0) provides a measure of
the relative impact of that observer's stimulus on the group's decision. In previous applications of
this method, the goal was to assess the relative influence of different components of the stimulus
on the response of a single observer. In the present experiment, we were interested in assessing

the relative influence of different observers on the response of the group5.

Figures 22 through 25 show the weights that were obtained from the correlational

- analysis. Figures 22 and 23 show weights obtained in representative equal DSNR conditions. In
all the figures, the shaded bars show the ideal weights and the open bars show the obtained
weights (the average of the weights computed separately on signal and non-signal trials; the
individual data for these trials are shown as the plotted S and N symbols). In some of the equal
DSNR conditions, the magnitude of the obtained decision weights had approximately the same
ordering as the ideal weights. That is, the largest weights were given to the most sensitive
observers. This is evident to some extent in figure 22a (6-person, p=0, DSNR=1.2) and 22b (7-
person, p=0.25, DSNR=1) and to a greater extent in figure 23a (4-person, p=0, DSNR= 1) and
23b (4-person, p=0.25, DSNR= 1.5). In other conditions, such as figures 22¢ (7-person, p=0.25,
DSNR=1.2), 7d (7-person, p=0, DSNR=1.2), 23¢ (4-person, p=0, DSNR= 1.5), and 23d (4-
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Figure 22. The average relative weights obtained for each member of some 6 and 7 member groups for different

conditions of display correlation and signal-to-noise ratio. Signal-to-noise ratio was the same for all
members of the group. The S and N symbols show the weights calculated separately on signal and non-
signal trials. In panels A and B, the obtained weights appear to be partially correlated with the ideal
weights. Note the negative weight given to subject 4 in panel D. This subject had irritated the other

members of the group by arriving late.
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Figure 23. The average relative weights obtained for each member of some 4-member groups for different
conditions of display correlation and signal-to-noise ratio. The S and N symbols show the weights
calculated scparately on signal and non-signal trials. In panels A and B. the obtained weights appear to be
correlated with the ideal weights; in panels C and D, the weights appear to be random.
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person, p=0.25, DSNR=1), the ordering appears random. In most cases, the variation in the
obtained decision weights for a condition was approximately the same as the variation in ideal
weights for that condition. Figure 22d shows the only case when a negative weight was given to
an observer. This particular observer was late for two consecutive experimental sessions, thereby
forcing the group to wait before being able to start the session. Apparently, this behavior resulted
in her being given the negative weight. Figure 24 shows the more consistent weighting pattern
that was obtained in the unequal DSNR conditions (4-person, p=0). Here, the weights
corresponded more closely to the ideal values. In all three conditions, the two highest weights
were given to the two members with the highest d's (and highest DSNRs).

Based on a statistical argument and a computer simulation, we estimated that the standard
deviation, o;, of the obtained weights was approximately 0.04.. Using that estimate, 5 of the 29

conditions tested produced weights that were outside of a 99% confidence interval around 4;; that

is, they differed significantly from the ideal. This result is not surprising, given the small variation
in the ideal weights for the equal DSNR conditions. Recall that this variation was due entirely to
the variance in the subjects' d's; at a constant DSNR=1, 64=0.12. In the unequal DSNR

condition, where o exceeded 0.45, none of the unequal DSNR conditions produced weights

that were significantly different from the ideal.

Berg (1990) coined the term, weighting efficiency (hweight), to describe how accurately

weights were assigned in a detection task. Weighting efficiency is obtained using the following
equation:

Nweight [d'weigbt / d'ideal]z
) 4 (12)

where d'yejght is the index of detectability that would have been obtained if the group's

inefficiency were entirely due to using the obtained, rather than the ideal, weights. it is caiculated
with equation 11, using the d'; indices obtained in the individual sessions, and the weights derived

" from the correlational analysis of the group session. Berg suggested that overall efficiency cai: be

factored into two components, the weighting efficiency and the noise efficiency, where the latter
relates to all inefficiencies other than those attributable to the weighting strategy, i.e.,

= Nnoise X Nweight (13)
We have plotted weighting efficiency on figure 21 (triangle symbols), to allow comparison
with overall efficiency (circle symbols). Although there is a drop in weighting efficiency with

group size, the drop in weighting efficiency cannot account for the larger decrease in overall
efficiency with size, especially at m=4.
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The preceding analysis may not have revealed one non-optimal weighting ettect that could
have decreased efficiency. Suppose that (1) the person designated to make the group response
consistently gave a higher weight to her own judgment, and (2) every member followed that same
strategy to an equal degree. Since the choice of responder was random and the higher weight for
each responder would be averaged across every member who responded, this higher-weight-to-
responder strategy would be transparent to our weighting analysis. We tested for this strategy by
comparing the correlation between a member's stimulus and the group's response, when that
member was the responder and when that member was not the responder.

The data from the four-member equal DSNR (p=0) condition was partitioned into those
trials when a member was the designated responder, and those trials when that member was not
the designated responder. We then calculated the correlation between the group response and that

. member's stimulus (separately) for the two sets of partitioned trials. Two drawbacks of this

analysis are the reduced number of trials on which the weight is computed and the necessity to
compare weights computed from different sets of trials. However, the results were unambiguous:
weights were consistently higher when a subject was responder than when she was not. Figure 25
shows the results; the open columns are weights when responder, the hashed columns are when .
non-responder. The error bars represent plus and minus one (estimated) standard error of the

mean, [1/n-3] 1/2 The size of the responder effect, in terms of average difference in decision
weight, was approximately 0.15.

How much of a drop in efficiency would be produced by a responder effect of this
magnitude? Using equation 11, we estimated the drop in performance that would result from a
consistent weight increment of 0.15 given to the responder over the other members. The uniform
weight case was used as a comparison, because the effect was assumed to be averaged across all
group members. The estimated decrease in efficiency (for equal DSNR and p=0) turned out to be
less than 0.10 in all cases. This decrement is much less than the observed drop in efficiency with
group size.

We considered whether the observed decrease in group efficiency could be attributed to
changes in the motivation of individual members. A frequent observation about group behavior is

 that individuals reduce their effort when in a group (e.g., Kerr, 1993; Latané et al., 1979,
. Shepperd, 1993). We incorporated this observation into a model via the following assumption:

Each observer reduces her individual sensitivity (d'y) by an amount proportional to the number of
other members in the group. Then, individual detection sensitivity is a function of m such that

dj(m)= dj(1-3pm) (13)

where d'j is the detectability measured in the individual condition and 8, is a constant

between 0 and 1. From equation 7, performance will be given by:
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mVar(d,) N md
l-p 1+p(m-1)

d..= (1-8,m)

group

(14)
We calculated a least-squares fit of equation 14 to the group data. The value of 8y

obtained from the fit was 0.056. According to this model, a four-person group would suffer a
drop of 0.22 in each member's d' (standard deviate units). The magnitude of the predicted drop
for group performance is the same as that for individual performance. The slope of the predicted
function was too small at small m and too great at large m°.

1V. EXPERIMENT 3. OPTIMIZED GROUPS

One problem with the experimental procedure of experiment 2, was that it did not require
the individual members to make formal responses on each trial. The reason that we did not require
individual responses from the members was because we did not want members to have a
commitment to a particular decision prior to the group’s deliberation on that trial. In fact, this was
a weakness in the experiment’s design, because the index of detectability for each member had to
be inferred from the member’s performance in separately run (individual) conditions. If the
member’s detection effort changed as a consequence of the group test parameters (such as group
size), we could not detect that effect in the group condition. Thus, this could have led to
variability in the calculated efficiency of group performance in the group conditions. Experiment 3
was designed to remedy this limitation by requiring each member to make a (public) numerical
estimate of signal likelihood on each trial. In addition, we (1) recorded the mean of the actual
stimulus displayed to each member on each trial, and (2) provided an additional decision aid to the.
group on every trial. This aid was designed to optimize group performance by enabling the group
to use all of the relevant information about the group members’ estimates of signal likelihood.

Our measure of the group’s index of detection accuracy was based on the group hit and
false alarm rate. In addition, we used the individual estimates of signal likelihood to calculate the
detection sensitivities of the individual members. The calculation of group efficiency then would
be based on the observed detection performance of the group members in that condition. Thus, it
an individual member reduced his or her detection effort, that would not produce an observed
* decrease in the calculated group detection efficiency. In addition, we thought that providing gach
group member with the formal numerical estimates of all group members would improve the
efficacy of member communication and interaction and would produce improvements in the
efficiency of the group’s detection performance. In fact, we expected group performance to be
very near to the ideal group prediction.

In addition to these measures of individual rating and group performance, we recorded the
mean of the actual stimuli displayed to each subject on each trial. These mean values provide an
additional estimate of the possible performance over a set of trials, since they incorporate the
effects of statistical and experimental variability in the signal and noise parameters over trials. A
group d’ based on the summed mean subject stimulus display was calculated for this purpose.
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Figure 26. Example of the member rating display.

A. METHOD
1. Subjects, Apparatus, and Stimuli

Four groups of University of Florida students participated in the study. Two groups were
composed of 3 students and the two were composed of 5 students. All of the subjects had normal
or corrected-to-normal visual acuity. Subjects were paid $4.25 per hour plus an incentive bonus
that was based on the accuracy of the group's performance. The bonus averaged approximately

- $0.75 per person per hour: The apparatus and stimuli were as described for experiment 1.
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2. Procedure

The basic task was the same as the previous experiment. After presentation of the stimulus
display, the group members were required to provide a numerical estimate, via a response slider,
on a scale of 0 to 100, of the judged likelihood of signal occurrence on that trial. After all of a
group’s members had provided a numerical estimate of signal likelihood, the estimates were rank
ordered and graphically displayed to all members of the group. Then, as in experiment 2, one of
the members was randomly selected to respond with the group decision. Also as in experiment 2,
the monetary payoff to the individual members was determined by the accuracy of the group’s
decision. Conversation among group members was allowed after the likelihood estimates were
displayed and until the presentation of the stimulus on the next trial. Figure 26 shows a sample
display of the ranked rating information.

Table 4. Measures employed in experiment 3.

measure how obtained . notes
d;, digears Based on individual ratings, Estimate of group digca
dichotomized to ‘yes’ and ‘no’ ’ digears = VE@)
responses.
digeal 2 Based on sum of actual stimuli Hypothetical group response based on

presented to each observer, dichotomized X X; summed mean display.
to group yes and no response.

dobserved Obtained group d’ Based on actual group responses.

dsumr Based on summed individual Hypothetical group response based on
ratings, dichotomized to yes and no T R; summed individual ratings.
responses.

doormal-r Based on summed normalized Hypothetical group response based on
individual ratings (see text). ¥ X;" summed predicted display values

based on regression of individual ratings on
display values.

B. RESULTS AND DISCUSSION

On each trial of the experiment, we recorded each member’s numerical estimate of signal
likelihood, R;, as well as the identity of the respondent and the group’s (respondent’s) decision.
As in the previous experiments, the group decision was used to calculate the group hit and false
alarm rate, and hence the group d’, indicated as dobservea i table 4. In order to estimate the
individual detection sensitivity of each member, we compared each member’s numerical estimate
on each trial to an assumed criterion value. That comparison yielded a hypothetical yes or no
response for that member on that trial. Rather than constructing (and integrating) a complete
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ROC curve for each member, we chose a range of hypothetical criteria (around R=50) and
averaged the resulting d’; values for each observer. These values were then used as one estimate
of the ideal group d’ for that condition, dis.a.1. This estimate ignores decreases in group
performance due to inefficiencies in individual observer performance. A second estimate of the
ideal group d’ was provided by the mean of the actual display values, Xi, presented to each
observer on each trial. These values were summed and then dichotomized to form hypothetical
yes and no responses for the group and to a calculation of digear-2. This d’ value assumes that
individual member efficiency is 100%. Finally, we calculated two additional measures of
hypothetical performance: dsmr and duomat.r. The first of these measures simply took the sum of
the member ratings on each trial and dichotomized that sum to yes and no responses. The second
measure examined each member’s function relating the rating, R;, to the displayed input, X;, and
computed a regression of R on X. The individuai regression equations were then used to
transform each observer’s rating to a best estimate of the input, X’. These estimated {equivalent
to normalized ratings) were then summed and dichotomized to yes and no responses to calculate
dnormal-R-

Table 5. Detection indices obtained in experiment 3.

group measure individual d’s

Qobserved  Gideal1  Qideat2  GsumR  Gnomalr d d; ds d ds
3A 1.43 1.63 1.92 1.69 1.83 0.99 0.95 0.88
3B 1.63 2.39 1.91 1.92 1.48 0.81 1.40 1.75
5A 1.95 2.22 313 199 2.16 1.06 1.26 0.85 1.01 0.67
5B 1.63 1.77 248 ) 1.78 1.92 0.94 1.02 0.77 0.48 0.62

Table 5 shows the group detection indices observed in experiment 3 as a function of group
size, for four groups. In all cases: (1) digear.1 Was below digear2 indicating that there was some loss
in efficiency due to the detection behavior of members acting individually, rather than as a group;
and (2) obtained performance, depserved , Was below either of the two measures of ideal group
performance. The difference between the observed performance and the measure based on the

. individual observer indices, digear.1, Was within statistical error. (The worst-case standard error in
. d’ for d’=1.8 based on a block of 100 trials is approximately 0.3 d’ units). This indicates that there

was little or no loss in efficiency in aggregating member judgments and in making the group
response. Comparisons of the indices based on summed ratings also indicates that the group
members were combining member rating information in a highly efficient fashion. In all cases but
one there was a benefit to using the normalized or predicted display reading, rather than the actual
rating. This may indicate a possible way to further improve the display of member judgments, i.e.,
by computing a best estimate of each member’s displayed input given on the member’s rating,
prior to the group decision. This is equivalent to normalizing each member’s rating to have a
standard slope and intercept.
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V. GENERAL DISCUSSION

A theory of group decision making should be able to predict how performance depends
both on the properties of the decision task and the abilities of the group members. Group signal
detection theory promises to meet those requirements. The theory allows us to quantify the
accuracy of group performance and to specify the relationship between performance, the level and
distribution of member expertise, and some formal aspects of member interaction and decision
rule. Moreover, empirical tests of the theory lead naturally to hypotheses about the causes of
inefficiencies in the behavior of human groups.

According to the theory, the accuracy of a group's performance must fall between two
extremes: the zero-interaction binary-voting group and the statistically ideal group. In general,
group performance will be limited by the number and ability of the members and the correlation
between member judgments. In addition, the ideal group is assumed to weight each member's
graded judgment in proportion to the member's expertise. The present experiments were designed
to give groups of human subjects the opportunity to reach their maximum level of performance,
via training, feedback, monetary payoff, and minimal constraints on member interaction. The
resulting performance was generally consistent with the detection theory of the ideal group, in
that: (1) the level of group performance was high and increased with group size, and the
advantage of size decreased when member judgments were correlated; and (2) decision weights
were assigned in accordance with member expertise when there was sufficient variability in the
ability of individual members. However, in experiment 2, the efficiency of group performance
decreased with group size, possibly due to members reducing their individual efforts when
working in a group or to problems in combining judgments from different group members.

The present results are qualitatively consistent with studies that have found group decision
performance to be less than the statistical optimum (see Davis, 1992). In the present study, we
quantified the effects on performance of inter-member correlation and member ability, and we
showed that groups can effectively weight the judgments of their members. Libby, Trotman, and
Zimmer (1987) showed that the variance in expertise within a group and the group's ability 10
recognize the relative expertise of its members, are crucial in determining group performance
_ when member interaction is allowed. Our results are consistent with their observations. Cur
~ weighting results also are consistent with studies that show that groups can recognize the relative
expertise of group members. For example, Henry (1993), demonstrated that groups can estimate
the ability of members, even when no specific feedback about the correctness of judgments is
provided. .

The observed decrease in efficiency with group size might be attributed to a number of
different causes, including inter-member correlation, binary voting without member interaction,
inappropriate weighting, individual differences in likelihood functions, and extraneous noise (see
table 2). We now discuss the likelihood that each of these possibilities acted in the present
experiment, beginning with the hypothesis of inter-member correlation.
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A. INTERMEMBER-CORRELATION

Implicit in our signal detection model is the assumption that each member make an
observation and that this observation leads to a graded estimate of signal likelihood. One
member's estimate could be correlated with another member's estimate as a consequence of
common genetics, background, or experience. However, the correlation between members 1S
confined by assumption to the individual's perceplual stage of processing; i.e., it can arise only in
the first stage of the system shown in figure 10. Conversely, the influence one member has on
another is confined to the decision stage of the system, specifically, the setting of decision weights
on each member's contribution to the group decision (e.g., Kriss, Kinchla & Darley, 1977,
Robinson and Sorkin, 1985).

We attempted to control the inter-member correlation in experiment 2 by manipulating the
stimulus information that was presented to each member. Our manipulation was designed to
produce member judgments that were either independent or at a set correlation of 0.25. An
advantage of signal detection theory is that it allows one to quantify the performance decrement
that will be produced by a correlation among member judgments. We observed a large drop in
performance as a consequence of our experimentally increasing the correlation from p=0 to

=0.25. If the member judgments had been correlated to a significant degree prior to our
manipulation, the effect of the increase in correlation would have been much smaller (equation 7
or 9). The high levels of performance that we obtained also make it unlikely that subjects’
estimates were correlated at levels above of the experimental values.

B. NON-INTERACTIVE BINARY VOTING

The second possible cause of decreased efficiency is that the subjects used a non-
interactive, binary voting strategy such as modeled by our simulation of a Condorcet group. Itis
difficult to test this hypothesis directly. We monitored the interactions of our groups, and
observed that many groups in experiment 2 did take binary ballots during their deliberations.
However, it was apparent that members communicated graded likelihood information when they
conveyed their binary votes, i.e., they varied the tone of their voices from tentative to emphatic,

_ and included descriptive phrases, such as, "I think", "definitely a signal", "not sure", etc. Even so,
" the efficiency of these groups, for group sizes greater than about m=4, was comparable to that of

Condorcet groups. Furthermore, the efficiency of the normative Condorcet group was essentially
independent of group size; that s, its performance is below and parallel to the ideal group. This
insensitivity to size is inconsistent with the result obtained in experiment 2 with real groups.
Therefore, even if zero-interaction binary voting were the dominant mode of group "interaction”
in experiment 2, it could not explain the observed decrease in efficiency as a function of size.

C. INAPPROPRIATE DECISION WEIGHTS

The third possible cause of the obtained inefficiency is that groups used inappropriate
weights. There are at least two reasons for rejecting this hypothesis. First, our analysis of
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weighting efficiency indicated that the groups were eftective at weighting the judgments of
individual members according to the members' detection competence. Appropriate weighting by
member d' was very clear in the unequal DSNR conditions of experiment 2, but also was evident
in many of the equal difficulty conditions, where there was no strong monetary incentive to do so.
This result is not surprising. It is not necessary for the group (or each member) to make an
accurate estimate of the d'j of every other member, because on the average, a group member's

response can convey that information. The group member given the high-difficulty display will
find it difficult to make signal/no-signal discriminations; if she is honest, she will consistently
indicate her uncertainty to the group. Furthermore, the group soon would lose confidence in, and
hence lower the weight for, a subject whose estimates were consistently at odds with the trial-by-
trial feedback.

The second reason for rejecting the weight hypothesis is that the variance in member d"(in
the equal DSNR conditions of experiment 2) was too small to allow for the observed
inefficiencies to occur, assuming a simple weighting strategy. Suppose that the group could not
differentiate small differences in member ability and instead used a uniform weighting strategy.
That would have produced a resultant drop in efficiency of less than 3%. A noisy or random
weighting strategy would have produced approximately the same size drop. An even less likely
possibility is that the group used a complex and inappropriate weighting strategy. For example, a
group could give a positive weight to the worst member and negative or zero weights to the best
members. Such a pathological strategy would have produced efficiencies that decreased with
group size, but the resulting performance would have been much worse than any observed in the
experiment.

=

D. INDIVIDUAL DIFFERENCES AND ADDED NOISE

The fourth possible cause of group inefficiency is the presence of additional sources of
noise. This noise could be present in each member's decision process or could be generated when
the member estimates are aggregated into the group decision. Suppose that there were individual
differences in the scales used by members in converting their judgments of signal likelithood =
numerical estimates or ratings. The problem of aggregating such estimates has begun to receive

. theoretical attention by decision scientists (see, e.g., Myung, Ramamoorti, and Bailey, 1996,

Wallsten, Budescu, Erev, and Diederich, 1997). Variability in the scales used by different
members could lower the efficiency of group performance, and our simulations indicate that these
inefficiencies would increase as a function of group size.

The results of experiment 3 indicated that, when the members were forced to provide
numerical ratings of signal likelihood, and these ratings were ranked and displayed to all members,
performance approximated the ideal performance level predicted by the actual member d’s
obtained in that condition. Inefficiencies of group performance were almost entirely attributable to
inefficiencies in the individual performance of members. Hence, the decreased efficiency observed
in experiment 2 relative to the (separately assessed) individual performance of the members was
not observed. We conclude that the inefficiencies associated with increased group size observed in
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experiment 2 may be attributed to either (1) inefficient aggregation of member judgments or (2)
factors relating to changes in the detection efficiency of individual members. The former
inefficiency was ameliorated in experiment 3 by the requirement for (and display of) numerical
ratings of member likelihood estimates.

E. MOTIVATIONAL FACTORS

Kerr (1993), Shepperd (1993), and others have discussed the reasons why subjects may
reduce their individual efforts in a group situation, i.e., indulge in “social loafing." If some version
of the social loafing hypothesis were true in our experiments, we would conclude that the
monetary payoff to each subject, as determined by the level of group performance, was not
sufficient to completely dominate incentives to reduce individual effort or participation. Perhaps
subjects will "loaf" if they cannot see the statistical benefit of their contribution to the group's
performance (i.e:, to their own payoff), and if they can do so anonymously. Harkins and Petty
(1982) found that subjects who viewed their contributions as non-essential reduced their
individual efforts more than subjects who viewed their efforts as significant. Following that
reasoning, groups with high inter-member correlation should show greater decreases in efficiency
with size, because the benefit of each member's contribution will be reduced- We did not find a
greater drop in efficiency with size in the correlated condition, perhaps because the level of
correlation between member stimuli (0.25) was not high enough to be obvious to group
members. ‘

We tried to model the possibility of as an incremental decrease in each member's d', that
increased in proportion to the group size in experiment 2. For our data, the magnitude of the
constant reduction per member was 0.056 (standard deviate units), which would result in a drop
in d' of 0.22 for an individual in a four-person group. A group member could be confident that this
much reduction in performance accuracy would not be apparent to another group member. The
drop would be proportionally larger in large groups, but an individual might feel protected by a
greater sense of anonymity in a larger group. Although the model fit was not impressive, that may
have been due to the presence in experiment 2, of additional inefficiencies relating to the
aggregation of member estimates (and ameliorated in experiment 3). Experiment 3 also provided
~ some evidence for members reducing their individual effort as the group size was increased.

', Further experiments, combining the techniques of experiments 2 and 3 and perhaps utilizing
" additional methods to control individual detection effort, may be able to further isolate this factor.
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NOTES

1. The expected value of g cannot be written in non-integral form, as a result d;” was evaluated by
Monte Carlo simulation. Receiver Operating Characteristic (ROC) curves were generated using as
the noise distribution, g, the absolute value of the difference of two Gaussian random variables
with zero means and a standard deviation of 10 ms. This value was based on previous work
(Sorkin, 1990). The signal-plus-noise distribution, gsw, Was calculated as the absolute value of
the difference of two Gaussian variables with zero mean and a standard deviation equal to
(102+cscxp2)'/‘, where G.,? is the variance introduced by the experimenter. The area under the ROC
at each G, was calculated and converted to an equivalent d’ value. An approximation for di’ n
terms of the perturbation Gesp acd an assumed value for Gintemal of 10 ms is given by:

d? =0.2313 +0.0362Cex - 0.00017Gexp”
If the sequences consisted of 8 segments with uniform statistics, and the listener assigned equal
weights to each segment, it follows that d° would be d’i V8. If the sequence has one unique
segment, d’ would be [(d%; \7 )2 + (d’u,,;que)z] % A necessary condition for this case is that a
proportionately higher weight would be applied to the time difference obtained from the unique
segment. This model makes no assumption about the effect of mean segment duration on
performance.

2 These restrictions affected our distributions in the following manner. The instances when the
intertone time interval exceeded the maximum allowed value occurred only rarely. It should be
noted that while the distribution was “norma » appearing for values above 2 ms (minimum
selected value), this was not the case for values at or less than 2 ms. In these instances, there was
a secongl peak at 2 ms. This means that there were more tone bursts that were very close together
than would be expected based on - ormal diséribution of intertoné time intervals. Tn cases where
this occurred, the actual mean and standard deviation values were respectively slightly clevated
and reduced than the assigned values. However, we do not believe this had a significant effcet on

the obtained results.

3. The perfdrmance, d', of a system that employs the Z statistic and weights, a; , is piven by the
expected value (over trials) of Z given signal, minus the expected value of Z given noise, all
“divided by the standard deviation of Z.. Let X be the value of detector i's estimate on the j‘?h trial.

The expected value of Z given noise is zero, o the numerator for d' is just the expected value ot Z
given signal. That is,

E[leignal] - E[Zl noise] = E[ i ai(Xlesignal) ] = i aid'i

The variance of Z over trials is the same given signal or noise and since the independent
and common components of X are independent,
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Var[Z]= Var [ Zaixi\i] = Var| ZaiXmuj + Zaix(‘nm.j]

i

Var[z a, X, j] + Var[z a; Xcom. j]

i

Z[Var(aix IND. i N+ Vaf[(z a,)Xcom. j]

It

> [al Var(Xpg )1 O a,) Var[Xcow !
= G%Nl)za% + GZCOM(Zai)Z

_ (-piRal + (T
and,
i a.d,
d'weighﬁ = mi:‘ -
a-p>a +p )

i=1 i=1

Note, that our simplification of the muitiple channel model requires that p¥ 1.

4 The average criterion in the group conditions was 0.021 with a standard deviation of 0.17. The
lack of criterion effects was consistent with our previously reported data on individual subjects in
similar tasks (Sorkin et al., 1991) and generally consistent with results reported by Pete el al.,
(1993b) in their study of distributed detection by 3-person groups. The criteria used by Pete ef
al ‘s observers (operating points) reflected a relatively neutral bias and were somewhat insensitive
to experimental manipulation of event probability and cost structure. However, the direction of

* the observers' criterion shifts was in the direction of the optimal criterion. In all of our

“ experimental conditions, the optimal group criterion was zero (¢=0) .

5 If the observers had made individual judgments about the likelihood of signal on each trial,
those judgments could have been used to calculate the group decision weights. In that case, we
could have computed the correlation between each observer's judgment and the group decision.
Such correlations would have provided a more accurate estimate of the weight given to each
observer's judgment. However, we had decided not to require any overt trial-by-trial response by
individual observers. We wished to avoid any chance that either the individual and/or the group
behavior would be affected by the requirement for individual responses.

65




6. A similar model contains the assumption that each observer suffers from an additional,
uncorrelated noise that is proportional to the size of the group. The performance of this model 1s
given by:

12 . —2 vz
C 1 mVar(d,) md
dgmup - ————_2— . - +——_——
I+mo,, I-p 1+r(m—1)

where 6,2 is the noise added per member. The fitted value of 5,2 was 0.1787. This model

behaves in a similar way to the d'-decrement model, but there is less drop predicted for the
performance of large groups (m>8). The model fits to the data (m<8) were equivalent to the d'-
decrement model.
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