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Abstract

The goal of many laboratory studies using the signal detection paradigm is to
produce a bias-free estimate of listener sensitivity (Green and Swets, 1966). Forced-
choice procedures with equal a priori probability of signal occurrence, a balanced payoff
matrix, and trial-by-trial feedback are designed to assess sensitivity with response bias
forced to zero. Attempts to approximate real-world listening situations in controlled
laboratory settings do not lend themselves to traditional listening paradigms. Listeners in
real-world listening tasks rarely encounter N-interval forced-choice opportunities.
Further, many real-world listening situations do not lend themselves to trial-by-trial
feedback.

Davis (2015) reported the effects of incomplete feedback on response bias for a
simple tone-in-noise listening experiment with a single interval yes-no procedure.
Feedback provided ranged from no feedback on any trial, to eight conditions with
feedback for some signal-response combinations, to feedback on every trial. Davis
reported a descriptive data analysis for each subject. The current study conducted an
inferential data analysis with Bayesian statistics to estimate the effect of incomplete
feedback on response bias in each experimental condition. The main finding is that, as
expected, complete feedback drives response criteria toward the optimum, and

incomplete feedback conditions result in various degrees of deviation from the optimal



criterion. The results can be interpreted in terms of how feedback conveys information
about a priori probabilities of different states of the world and the values and costs of

correct and incorrect responses.



Acknowledgments

I would first like to express my gratitude to my advisor Dr. Lawrence Feth for his
support, guidance, and patience over the years. He opened the door to science for me and
enlightened me on the breadth and depth of hearing science. He encouraged me to step
out of my comfort zone, gave me the freedom to explore various research topics, and
guided me back to where | started when I got lost. Without his guidance, | would not
have the opportunity to appreciate the interdisciplinary nature of scientific research.

| am also very grateful to Dr. Robert Fox, who provided valuable suggestions on
the thesis, to make it more understandable to a broader audience. | also appreciate his
understanding and support of my situation whenever | needed them over the years.

I would also like to thank Dr. Jay Myung, who encouraged me to pursue more
quantitative training, which is not only beneficial for this project but also my future
career.

I would like to express special thanks to Ms. Jordan Vasko and Ms. Shuyuan Yu,
my best friends in Columbus. Without your company and emotional support over the

years, | would not be able to finish this journey with so much pleasure in my heart.



Vita

Jun. 2013, B.A., English,
Sun Yat-sen University
Aug. 2015, ... MLAL, LENQUISTICS,
University of Colorado Boulder
Aug. 2016 to May 2020.........cceeviiiiininannnnn, Graduate Teaching Associate,
The Ohio State University
Aug. 2016 to May 2020..........coveveereeieieereenene Graduate Research Associate,

The Ohio State University

Fields of Study

Major Field: Speech and Hearing Science



Table of Contents

AADSTIACT ...t i
ACKNOWIBAGMENTS. ... bbbt WY
[V Lt S TSRS T RSP P PR %
LISt OF TADIES ... bbb viii
LISt OF FIQUIES ...ttt ettt e et e e esre e ste e e e sne e re e IX
Chapter 1. Statement of the ProbIem ... 1

1.1 Examples of real-world listening SItUAIONS...........coceieiiiinininieeeee s 2

1.2 Modelling real-world listening situations and testing them in a laboratory ............. 4

1.3 The contribution of TSD to psychophysics, elements of TSD and psychophysical

PIOCEUUIES ...ttt et b bbb bbbt bbbt b e e et et bbbt enes 6
1.4 Limitations of Experiments based 0N TSD ........cccceviiiiiiieiccic e 9
Chapter 2 LItErature REVIBW .........cuviiiiiiie ettt 11
2.1 The approach used by Davis (2015) .....ccccceeiieiiiiiece e 11
2.1.1 Description of the eXPeriment..........cceeieieiene i 11
2.1.2 Descriptive data analysis and its limitation ............ccocovviviniinenicnceee 15

\|



2.2 Inferential data analysis using Bayesian StatiStiCS ...........cccccvevveieiieneere e 18

2.2.1 The probability MOdel..........ccoooiiieiece e 18
2.2.2 Bayesian INference ProCeAUIE ...........cviieiieriereie et 21
Chapter 3 Reanalysis and RESUITS ...........coveriiiiiiiiiiiiece e 23
3.1 Data collected in DaVIS (2015) .....ccoviiieiieieiierieeie et 23
3.2 Results of inferential data analysis ...........cccccoveiiiiiiiciic e 24
Chapter 4 Discussion and CONCIUSIONS...........ccvivieiieriiic e 32
4.1 Effects of Incomplete Feedback on Response Bias..........ccccccevveveiicieciecieieenn 32
4.2 SENSTEIVITY ..ttt bbbttt 38
4.3 Summary and CONCIUSIONS ......c.oiuiiiiiiiiiiieee s 38
4.4 Implications for real-world detection situations - hospital alarm detection ........... 40
BIDIIOGrapRY ..o e 42

Vil



List of Tables

Table 1. HIT rate and FA rate averaged over 10 blocks for each condition and each

SUDJECT ettt

Table 2 Posterior means and 95% credible intervals for u., 14, o, and o,

viii



List of Figures

Figure 1. Timing and organization of a trial for the familiarization, threshold estimation,
and IKR tasks used by Davis (2015). The trial is divided into three sections: (1) stimulus
presentation lasing 1000 ms, (2) a pause giving the subject time to respond, and (3)
display of feedback information lasting 500 ms. Reproduced from Davis (2015). .......... 12
Figure 2. Experiment conditions in the Davis (2015) study. Condition (1) was presented
first and condition (10) was presented last. All other conditions were completed between
conditions 1 and 10 and were completed in random order. Each matrix represents a
condition in which feedback is provided for the shaded box. Reproduced from Davis
20 1) OO 14
Figure 3. Left: Equal-variance Gaussian signal detection theory framework for subject i,
where C; is the bias parameter, d; is the sensitivity parameter, k; is the response
criterion, 6y, is the HIT rate, and 6, is the FA rate. Right: Equal-variance Gaussian
signal detection theory framework with hierarchical extension. s is the number of signal
trials and n is the number of noise trials in a condition. hi is the observed number of
HITs and fi is the observed number of FAs for subject i in a condition. i, and o, are the
mean and standard deviation of the parent distribution of individual bias parameters. u
and o, are the mean and standard deviation of the parent distribution of individual

SENSITIVITY PAFAMETEIS. ...ttt ettt bbbt eneas 19



Figure 4. Script for setting up the equal-variance Gaussian signal detection theory model
with an extension iN WINBUGS............cciiiiiiiiie e 22
Figure 5. Posterior distributions of the mean of bias (u.) in all conditions. The vertical
dashed line in each row shows the unbiased position. (NO-No Feedback; CR-CORRECT
REJECTION; FA-FALSE ALARM; M-MISS; H-HIT; H.CR- correct trials; H.FA-“yes”
trials; H.M-signal trials; All-All Feedback)..........c.coveiviieiiiiieie e 26
Figure 6. Posterior distributions of the mean of sensitivity (1) in all conditions (NO-No
Feedback; CR-CORRECT REJECTION; FA-FALSE ALARM; M-MISS; H-HIT; H.CR-
correct trials; H.FA-“yes” trials; H.M-signal trials; All-All Feedback) ............c.ccccoevne. 28
Figure 7. Posterior distributions of the standard deviation of bias (o) in all conditions
(NO-No Feedback; CR-CORRECT REJECTION; FA-FALSE ALARM; M-MISS; H-
HIT; H.CR- correct trials; H.FA-“yes” trials; H.M-signal trials; All-All Feedback)....... 30
Figure 8. Posterior distributions of the standard deviation of sensitivity (o) in all
conditions (NO-No Feedback; CR-CORRECT REJECTION; FA-FALSE ALARM; M-
MISS; H-HIT; H.CR- correct trials; H.FA-“yes” trials; H.M-signal trials; All-All

FEEADACK) ... et rs 31


https://buckeyemailosu-my.sharepoint.com/personal/liu_3267_buckeyemail_osu_edu/Documents/Thesis/Thesis_formatted_08_02.docx#_Toc47511563
https://buckeyemailosu-my.sharepoint.com/personal/liu_3267_buckeyemail_osu_edu/Documents/Thesis/Thesis_formatted_08_02.docx#_Toc47511563

Chapter 1. Statement of the Problem

The degree to which the results of a laboratory experiment reveal what happens in
the real world depends on what factors or variables of the real-world problem are
captured and modeled in the experiment. Auditory tasks in the real world include
detecting warning sounds in noisy work environments, detecting a phone ringing in the
presence of loud music, and detecting an ambulance siren in traffic. Many factors could
have an impact on the detection performance, such as physical characteristics of the
target and background sounds, the importance of the information carried by the target
sound, how often the target sound occurs, whether the target sound occurs regularly or
not. In addition, the biological characteristics of the observer and the number of other
tasks that the observer must handle at the same time could influence performance as well.
These factors together determine the actual detectability of auditory signals in the real
world. The effects of some real-world factors are minimized in controlled laboratory
experiments to test computational models for predicting human sensitivity to signal
characteristics. However, many real-world listening situations do not lend themselves to
traditional listening paradigms. To improve our ability to predict signal detectability in
real-world listening situations, the gap between traditional listening paradigms and real-
world listening situations should be mitigated by incorporating real-world factors into

controlled laboratory design.



1.1 Examples of real-world listening situations

Bars and restaurants are common noisy environments where loud music and
conversations are mixed in the background. If someone’s phone ringtone is a piece of
music, the ringtone may not be heard every time it occurs. Sometimes the ringtone could
be easily masked by music in the background, as the background fluctuates. Both the
intensity of the background noise and any similarity between the ringtone and the
background will contribute to the difficulty of detecting the occurrence of a phone call in
that environment. In the psychoacoustics literature, these effects are normally called
energetic and informational masking (Brungart, 2001).

In addition, phone calls are of different importance. A phone call could come
from “the boss” or it could come from an unknown caller. The cost of missing a phone
call from someone’s boss is probably higher than that of missing an unwanted call. The
costs and values of missing versus answering phone calls may affect the level of alertness
of the observer. If the phone number has been compromised and most phone calls are
scam calls, the owner may not care much about missing a call at a party. If the owner is a
busy executive who receives lots of working phone calls every day, they would probably
check the phone very often during the party.

Warning sounds in noisy workplaces, such as the cockpit of an airplane, a nuclear
power plant or a large manufacturing plant, are designed to alert workers to dangerous
events. The alarm system is a critical part of the safety system of many workplaces.
Desired detectability of the warning signals must be achieved through appropriate design

and installation of the warning sounds. Design and installation of warning sounds should



consider characteristics of the noise background, acoustical properties of the work area,
hearing status of workers, and use of hearing protection (Giguere et al. 2008). Dangerous
events associated with alarms often require the operator’s immediate attention. Failure to
react to alarms can have significant negative outcomes. For example, in a military
cockpit, dangerous events could be “Surface-to-air Missile”, “Air Interceptor” and
“Unknown Threat” (Smith et al. 2004). In a hospital, alarms could signify “Cardiac
Crisis”, “Staff Emergency” or “Patient Call” (Rayo et al., 2019). The cost of missing an
event, versus the reward for responding to it, as well as the frequency with which each
dangerous event occurs, might affect the operator’s performance in the detection task.

Another real-world listening situation is detecting an ambulance siren in traffic.
For the ambulance to move efficiently through traffic, other road users must be alerted by
the ambulance siren and stop their vehicles immediately. However, the sound of the
ambulance siren could be missed due to soundproofing or loud music inside the vehicle
(Rane et al., 2019). Not reacting to ambulance siren in time could delay the arrival of the
ambulance vehicle, which could result in serious negative outcomes.

Each detection situation has its unique features as well as some common features
shared by most situations. To improve the sound design and better predict the
detectability of auditory signals in the real world, one could conduct either field studies
or laboratory studies to test the effects of various factors. Each type of study has its

advantages and limitations.



1.2 Modelling real-world listening situations and testing them in a laboratory

Laboratory experiments and field experiments are complementary methods for the
study of cause-and-effect relationships (Aziz, 2017; Coppock and Green, 2015). A field
experiment is conducted in a “real-world” setting, the results of which are more likely to
be generalized beyond the current study (VandenBos, 2007). The independent variables
may or may not be deliberately manipulated by the researcher. Participants may or may
not be aware that they are being studied and observed for their reactions. Subjects often
are not randomly assigned to experimental conditions.

On the other hand, laboratory research is conducted in a setting completely
designed by the experimenter. It is a tightly controlled investigation in which the
researcher manipulates the factor under study to determine if such manipulation generates
a change in the subjects’ performance (Aziz, 2017). Compared to a field experiment that
has less control over extraneous variables, a laboratory experiment is more likely to be
free of flaws in its conclusions about cause-and-effect relationships among variables
(VandenBos, 2007).

Both types of experiments are important for the understanding of human auditory
detection. An example is the detection of electric vehicles by pedestrians. Electric
Vehicles (EV) produces much less noise compared to normal vehicles, however, the
absence of warning sounds entails a risk for pedestrians, especially for those who are
visually impaired (Gonzélez-Hernandez et al., 2017). The investigation of the detection
of EV alerts ranges from perceptual experiments in the laboratory using static listeners to

explore the influence of various timbre parameters on sound detectability (Parizet et al.,



2013) to outdoor experiments with real background noise and subjects walking in a real
pedestrian area to explore responses produced in a dynamic urban environment
(Gonzélez-Hernandez et al., 2017).

Before any field experiment is carried out, laboratory testing usually comes first.
One should carefully examine the difference between the laboratory setting and real-
world situations, incorporate real-world factors into the laboratory experiments, and
control them as much as possible. This will probably benefit research in at least two
respects: it will improve the external validity of the results obtained from the laboratory
experiment, and it will help eliminate the effects of extraneous variables that are not
under control in a field experiment.

In psychophysics, laboratory experiments are usually designed to test
computational models. Models are logical frameworks composed of a set of assumptions
that describe the underlying mechanism of the problem under investigation. Models help
predict the result of an experiment and experiments test whether the prediction is accurate
or not. In psychophysics, a group of models based on the Theory of Signal Detection
(TSD) (Green and Swets, 1966) are of great importance in separating the effects of
sensory factors and non-sensory factors. Section 1.3 briefly reviews the theoretical
importance of TSD in psychophysics, elements of TSD, and psychophysical procedures
of TSD. Section 1.4 discusses the gap between typical psychophysical experiments based

on TSD and signal detection in real-world situations.



1.3 The contribution of TSD to psychophysics, elements of TSD and psychophysical
procedures

In the early psychophysics experiments, it was assumed that the probability of a
yes response for a stimulus presentation was entirely determined by the stimulus and the
biological state of the sensory system (Gescheider, 2013, pp. 93). Later, it was noted that
at least two non-sensory factors also influence the probability of yes responses: stimulus
probability and response consequences (Gescheider, 2013, pp. 98). TSD was the major
theoretical advance made in the 1950s to separate the influence of non-sensory factors
upon detection from sensitivity (Harvey, 2014).

TSD was built on statistical decision theory (Green and Swets, 1966, pp. 7). The
decision that an observer must make when detecting a brief tone in white noise, such as
the task in Davis (2015), is assumed to be a statistical one. A simple tone-in-noise task
was used to minimize the effects of signal and noise characteristics on listeners’
performance. The decision is based on evidence that is ambiguous in the sense that it
does not completely support one of several hypotheses. According to TSD, the level of
the noise against which a signal is detected may be either external or internal to the
detecting device (or both) and is assumed to vary randomly from moment to moment
(Gescheider, 2013, pp. 105). A stimulus is either noise alone, or a weak signal plus noise.
The observer must make a sensory observation x (an internal representation of the
stimulus) of the stimulus and then decide whether the observation is due to noise alone
(NA) or signal plus noise (SN). The magnitude of the observation due to NA varies
randomly. The randomness is described by a probability distribution. When a signal is

added, the probability distribution is shifted to the right. That is, the average sensory
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observation magnitude is assumed to be greater for signal plus noise (SN) than for noise
alone (NA). The more overlap between the two distributions, the more difficult to make a
correct decision (Gescheider, 2013, pp. 106).

In TSD, the basis for making a decision is the likelihood ratio corresponding to
the magnitude of the observation, which is the ratio of the probability, or likelihood, of
the observation given the stimulus is SN to the probability of the observation given the
stimulus is NA.

_ P(x|SN)
~ P(x| NA)

I(x)

If I(x) is greater than 1, it indicates that it is more likely that the stimulus
presented was SN rather than NA. If [(x) is smaller than 1, it indicates that it is more
likely that the signal was not there. If [(x) is equal to 1, it indicates that SN and NA are
equally likely (Gescheider, 2013, pp. 107). TSD assumes that the observer operates by a
decision rule. A particular value of [(x) is set as the cutoff point above which the
observer responds SN and below which the observer responds NA. It is called the
likelihood ratio criterion, denoted by . The optimal likelihood ratio criterion, which
optimizes the performance in a long series of observations, is a function of the a priori
probabilities of SN and NA trials and the costs and values of the various decision

outcomes (Gescheider, 2013, pp. 112; Green and Swets, 1966, pp. 23).

P(NA) [V(CR) + C(FA)]
P(SN) [V(H) + C(M)]

ﬁopt =

where V(CR) is the value of a CORRECT REJECTION, C(FA) is the cost of a FALSE

ALARM), V(H) is the value of a HIT, and C(M) is the cost of a MISS. (Values and costs
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are all entered as positive numbers.) The concept of optimal likelihood ratio criterion will

be critical for the discussion in chapter 4.

The unique contribution of TSD to psychophysics is that it offers a means to
measure sensitivity and criterion independently (Gescheider, 2013, pp. 118). The index of
stimulus detectability is d’, which is the difference between the means of the SN and NA
distributions divided by the standard deviation of the NA distribution. The index of
response bias (the tendency of the observer to favor one response over another) is C,
which is the number of standard deviation units that the response criterion is above or
below the zero bias point where the NA and SN distributions cross. At the point where
the NA and SN distributions cross, [(x) is 1 and C is 0. Above that point, I[(x) is larger

than 1 and C is positive. Below that point, [(x) is smaller than 1 and C is negative.

Response proportions, from which the theoretical constructs of sensitivity and
criterion are estimated, are obtained using psychophysical procedures such as the single
interval yes-no procedure (SI'YN) and the two-alternative forced-choice (2AFC)
procedure (Gescheider, 2013, pp. 142-146). The SI'YN procedure presents a sequence of
trials to the observer. One trial only contains one observation interval where a signal may
be present or absent. The observer must judge whether a trial contains a signal or not.
2AFC differs from SIYN in that two observation intervals are presented in a trial. The

observer must report which interval contained a signal after a trial.



1.4 Limitations of Experiments based on TSD

This section discusses several discrepancies between typical signal detection
experiments based on TSD and real-world detection situations. One issue is that typical
signal detection experiments based on TSD often clearly define an observation interval
by visual indicators (e.g., lights). Observers know when to pay attention and when to
relax. However, usually there is no visual cues telling the observer when to start to pay
attention to a signal in the real world. In some situations, observers must pay sustained
attention in searching for a signal during a long period of time. This has stimulated a
large amount of research on the vigilance problem since the 1950s (Mackworth, 1956;

Watson and Nichols, 1976; Swets, 1977).

Another issue is that although 2AFC is often chosen as the psychophysical
procedure in many signal detection experiments to estimate listener sensitivity which is
uncontaminated by variations in response criterion (Green and Swets, 1966, pp. 43-44;
Gescheider, 2013, pp.146), listeners rarely encounter tasks similar to 2AFC in the real
world. To better resemble real-world detection tasks, a SIYN procedure or a vigilance

task should be used.

In a typical signal detection experiment, equal a priori probabilities of SN and
NA events and equal values for correct responses and costs of incorrect responses are
assigned to direct the response criterion toward the unbiased position. However, these
conditions rarely occur in the real world. For example, the probability of signal
occurrence may be considered low when the task is to detect an ambulance siren. The
cost of missing an ambulance siren may be considered as larger than the cost of a false

9



alarm (“heard” a siren when there was none). These real-world conditions could shift the
response criterion from the unbiased position.

Usually, a running account of the observer’s performance is provided by trial-by-
trial feedback. Trial-by-trial feedback gives the observer complete knowledge of whether
the decision outcome is a hit, a miss, a false alarm, or a correct rejection. However, in the
real world, an observer usually does not have access to complete knowledge of results.
For example, when an ambulance vehicle passes other vehicles stopped at the roadside,
drivers at the roadside know that they have correctly detected a siren. When a driver
misheard a sound as an ambulance siren and prepared to stop, he might realize that it was
a false alarm when he saw all other vehicles do not stop. When a driver missed a siren
behind him and shortly turned right or left, he may never know that he has missed a siren.
Incomplete knowledge of results is a non-sensory factor, which could influence an
observer’s response criterion. The purpose of the research carried out by Davis (2015)
was to study the effects of incomplete feedback on response bias. A detailed review of

Davis (2015) will be given in Chapter 2.

In summary, detection tasks in real-world conditions, such as detecting a siren in
traffic, could differ significantly from a typical signal detection experiment in the
laboratory in many aspects. Davis (2015) focuses on the discrepancy in an observer’s
knowledge of results. Chapter 2 reviews the experiment design, data analysis, and results

of Davis (2015), and proposes a further analysis of the results of Davis (2015).
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Chapter 2 Literature Review

Feedback provides information about the outcomes of past responses in a
psychophysical experiment. Since the 1950s, knowledge of results was used to train
observers to achieve asymptotic performances (Davis, 2015; Green and Swets, 1966, pp.
395). Since it is rare that observers will always know whether each response is correct or
incorrect in real-world detection situations, the effects of two forms of incomplete
knowledge of results have been studied. One type of study, known as providing “partial
feedback”, manipulated the proportion of trials for which the observer receives feedback
(Lurie and Swaminathan, 2009; Szalma et al., 2000). Another type of study, known as
“incomplete feedback”, manipulated which response type (HIT, MISS, False Alarm or
Correct Rejection), or combinations of response types received feedback (Szalma et al.,
2006, Davis, 2015). The subtle difference between the two is that “partial feedback™ is
given for all four response types, but only on a percentage of the experimental trials.
“Incomplete feedback” can occur on any trial for the designated response type(s). The

experiment of Davis (2015), reviewed below, provided “incomplete feedback”.

2.1 The approach used by Davis (2015)
2.1.1 Description of the experiment

Davis (2015) investigated the influence of incomplete feedback on response bias

for a simple tone-in-noise detection task. The psychophysical procedure used was a
11



single-interval yes-no procedure. A signal-plus-noise (SN) trial contained a 500 ms
broadband, white noise and a 20 ms 1 kHz tone presented in the temporal middle of the
white noise (see Figure 1). A noise-alone (NA) trial contained only the 500 ms white
noise. The reason for using a pure tone as the signal and a white noise as the background
was to minimize the effects of signal and noise characteristics on listener performance.
Subjects were asked to respond whether a trial contained the 1 kHz pure tone or not by
clicking a button on the user interface shown in Figure 1. Then visual feedback was given
to show whether the response “yes” or “no” was correct or incorrect. A correct response
was marked with a check with the response button turned green. An incorrect response

was marked with a cross with the response button turned red.

"When the light flashes, "When the light flashes, ) ., .
8 listen for a tone" listen for a tone” correc Incorrect
(5}
E "Ready?" "Was the Tone Present?” % v or x
c A N
3 ) )
I y Yes ® l | [ No |
g ° o ° No Q or or
‘
\ o] [T
- 20ms RN
S 250ms  — 250ms ~ '/ No B
.-E' r ~ -
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T T T T T T T T T T T T T T
™ v » » o
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< < < < <

Seconds (s)

Figure 1. Timing and organization of a trial for the familiarization, threshold estimation,
and IKR tasks used by Davis (2015). The trial is divided into three sections: (1) stimulus
presentation lasing 1000 ms, (2) a pause giving the subject time to respond, and (3)
display of feedback information lasting 500 ms. Reproduced from Davis (2015).
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Each experimental condition provided a unique type of feedback to the listener,
ranging from no feedback on any trial to eight conditions (listed below) with feedback for
some combinations of HIT, MISS, FA and CR, to complete feedback on every trial. The
organization of the experimental conditions is shown in Figure 2. The 10 feedback
conditions are (1) no feedback, (2) feedback only for HIT, (3) only for MISS, (4) only for
FA, (5) only for CR, (6) only for “yes” trials (HIT and FA), (7) only for “signal” trials
(HIT and MISS), (8) only for “correct” trials (HIT and CR), (9) only for HIT, MISS and
FA, and (10) for all SR combinations (all trials). The No Feedback condition (1) was
presented first and the All Feedback condition (10) was presented last for all listeners.
Conditions (2) to (8) were presented in a unique random order for each subject. Each
condition contained 10 blocks of 50 trials. In each block, half of the trials were signal

trials and half were noise trials presented in a random order.

Ten young adults with normal hearing participated in the experiment. Davis
(2015) attempted to maintain sensitivity as constant as possible across the experimental
conditions. Subjects were matched for sensitivity by a single-interval adaptive procedure
(Kaernbach, 1990). Signal-to-noise ratio (SNR) for 75% detection threshold was
established for each subject. Then that SNR was used for each subject throughout the

experiment.
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(2015).

Condition 10
(Completed Last)

14




2.1.2 Descriptive data analysis and its limitation

The optimal likelihood ratio criterion for the experiment in Davis (2015) is 1,
since a priori probabilities of SN and NA trials were equal, and values of correct
responses and costs of incorrect responses were not specified. The optimal response
criterion is located at the unbiased position (C,,; = 0) for this experiment. When
feedback is complete, it is expected that the observers’ response criterion would be at the
unbiased position. When feedback is incomplete, the observers’ response criterion might

deviate from the unbiased position.

Davis (2015) labeled his research questions with four keywords: Symmetry,

Organization, Implicitness, and Amount.

Symmetry: Were the response biases for the four conditions [HIT], [MISS], [FA],

and [CR] all equal?

Organization: Did bias differ when only “yes” trials got feedback, or only
“signal” trials got feedback, or only “correct” trials got feedback? That is, were the

response biases for the conditions [HIT, FA], [HIT, MISS], and [HIT, CR] all equal?

Implicitness: Were subjects able to utilize missing feedback to achieve the
unbiased response criterion? That is, were the response criteria in conditions [HIT,

MISS], [HIT, CR] and [HIT, MISS, FA] unbiased?

Amount: Did providing feedback for more types of decision outcomes reduce

response bias?

15



Davis (2015) reported a descriptive data analysis for each subject. In each
condition, every subject completed 10 blocks, which yielded 10 pairs of HIT and FA
rates. Each pair of HIT and FA rates yields a pair of sensitivity and bias scores

(Macmillan, & Creelman, 2004), as shown by the following equations.
d' = Z(hit rate) — Z(false alarm rate)
C = —0.5[Z(hit rate) + Z(false alarm rate)]

For each subject, a 95% confidence interval of response bias was constructed
based on the 10 data points in each condition. For each subject, pairwise comparisons of
biases across conditions was done by evaluating the amount of overlap of the confidence
intervals. There are 6 possible pairwise comparisons among the 4 conditions in symmetry
(HIT, MISS, FA, CR). For example, the evaluation of the difference between the means
of the [HIT] and [MISS] conditions compared the differences between the two conditions
where the target signal was present. For each subject, Davis (2015) counted the number
of significant differences out of the 6 pairwise comparisons. For 9 out of 10 subjects,
more than 3 out of 6 pairwise comparisons yielded significant results, indicating response
biases were not all equal across [HIT], [MISS], [FA], and [CR].

Davis (2015) also analyzed the direction and degree of response bias for each
condition in [HIT], [MISS], [FA] and [CR]. Most subjects showed response bias toward
“No” (being conservative; showing a tendency to report signal absence; C IS positive) in
most conditions. Most subjects showed the least amount of response bias when only HITs

received feedback and the most response bias when only CRs received feedback.
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There are 3 possible pairwise comparisons among the 3 conditions in
organization ([HIT, MISS], [HIT, FA] and [HIT, CR]). For 8 out of 10 subjects, more
than 2 out of 3 pairwise comparisons yielded significant results. Again, this indicates
response biases were not all equal across [HIT, MISS], [HIT, FA] and [HIT, CR]. Since
most subjects showed response bias toward “Yes” (being liberal; showing a tendency to
report signal presence; C is negative ) in some conditions and toward “No” in other
conditions, Davis (2015) concluded that response bias shows no apparent pattern toward

“Yes” or “No” in these three conditions.

To explore whether subjects could utilize missing feedback to reduce response
bias, Davis (2015) compared response criterion in [HIT, MISS], [HIT, CR] and [HIT,
MISS, FA] to the unbiased position as well as the criterion in [ALL-KR] which was
assumed to be least biased among all conditions. Most subjects yielded criterion close to
the unbiased position or the criterion when HITs, MISSes, FAs, and CRs all received

feedback.

To explore whether response bias is reduced when more feedback is provided,
Davis (2015) analyzed the relationship between response bias and the number of types of
feedback provided in each condition. Each condition provided feedback for 1, 2, 3, or all
4 types of decision outcomes. Results from 6 out of 10 subjects suggested that the more

the feedback provided, the less the response bias.

The 10 subjects in Davis (2015) showed some common characteristics as well as
idiosyncrasies in their response biases. The main limitation of the individual analysis is

that it is purely descriptive, and it does not offer inference about the behavior of the
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population. An estimate of the group-level response bias for each experimental condition
may reveal new insights into the underlying mechanism of how incomplete feedback
influences response bias in auditory signal detection. An approach to estimating model
parameters of TSD (sensitivity and response bias) has been advocated by some Bayesian
modelers (Lee, 2008; Lee and Wagenmaker, 2014; Rouder and Lu, 2005) for certain
statistical advantages. The next section briefly describes this modeling and the inference

procedure.

2.2 Inferential data analysis using Bayesian statistics
2.2.1 The probability model

The equal-variance Gaussian signal detection framework with an extension is
used to model the data generating process in each condition. It is assumed that the
probability distributions of the magnitude of observation due to NA and SN are both
Gaussian. The mean of the distribution under NA is set as 0. The variances of both
distributions are set as 1. Compared to the distribution under NA, the distribution under
SN is shifted to the right by 4’ standard deviations. Thus, the distribution under NA is the

standard normal distribution N (0, 1), and that under SN is N(d’, 1).

It is assumed that each subject has an individual sensitivity and an individual
response bias, denoted by d; and c;. The left panel of Figure 3 shows the model for
subject i in a condition. It is assumed that individual response biases (c;s) and

sensitivities (d;s) for this group of subjects is a sample from the population. The right
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panel of Figure 3 shows the model on the left panel with an extension that models the

individual biases or sensitivities as observations from a group-level Gaussian distribution.

NA

subject i

Figure 3. Left: Equal-variance Gaussian signal detection theory framework for subject i,
where c; is the bias parameter, d; is the sensitivity parameter, k; is the response criterion,
By is the HIT rate, and 6, is the FA rate. Right: Equal-variance Gaussian signal
detection theory framework with hierarchical extension. s is the number of signal trials
and n is the number of noise trials in a condition. h; is the observed number of HITs and
fi is the observed number of FAs for subject i in a condition. u. and g, are the mean and
standard deviation of the parent distribution of individual bias parameters. u,; and o, are
the mean and standard deviation of the parent distribution of individual sensitivity
parameters.
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Each condition contains 500 trials (10 blocks x 50 trials / block). Half of them are
signal trials and half of them are noise trials. In the right panel of Figure 3, s = n = 250.
The observed data for each subject are the HIT and FA counts (h; and f;), which are

assumed to follow binomial distributions. 6; and 6¢; are the HIT and FA probabilities.

h;~ Binomial(s, 8y;)
fi~ Binomial(n, 6;;)

HIT and FA probabilities, 8,; and 8¢; , are determined by sensitivity d; and

response bias c;.

1
Oni = ¢(§di —¢p)

1
O = @(—5di — ;)

Individual sensitivities, d;s, are modeled as random draws from a Gaussian parent
distribution with mean p,; and standard deviation a. Individual biases, c;s, are viewed as
random draws from a Gaussian parent distribution with mean u,. and standard deviation

o..
d; ~ Gaussian(lg, 04)

c; ~ Gaussian(u,, o)
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2.2.2 Bayesian inference procedure

In Bayesian statistics, the uncertainty about a parameter is quantified with a
probability distribution. Before one sees any data, a prior distribution is given to each
parameter to be estimated. Bayes theorem (Bayes, 1763) lies at the core of Bayesian
statistics, which specifies how the prior distribution is updated with the information
collected from the data to arrive at the posterior distribution (Lee & Wagenmakers, 2014,
pp. 3). Diffuse priors were set for u., 14, 0., and o;. Markov Chain Monte Carlo
sampling of posterior distributions of ., ug4, o, and a; were done in WinBUGS
(Spiegelhalter et al., 2003) and R(Ripley, 2001). Figure 4 shows the script for setting up
the model in WinBUGS. For each parameter, an empirical density of the posterior

distribution was obtained from the samples.

In addition to reporting the empirical posterior distribution, the location of the
posterior is usually summarized with mean, median, or mode. The selection of the
summary statistic depends on the shape of the posterior. Although mean is very
frequently used, if the posterior has a heavy tail, then mean may not be a good choice,
since it is easily influenced by extreme values and may be far away from where the most
probability is located (Bolstad and Curran, 2016, pp. 150). The spread of the posterior is
summarized with variance or standard deviation (Bolstad and Curran, 2016, pp. 151). To
find a high probability interval for the parameter, a credible interval (highest density
interval) is often reported (Bolstad and Curran, 2016, pp. 153). The lower bound of a
95% credible interval is the 2.5% quantile of the posterior and the upper bound is the

97.5% quantile of the posterior.
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model{ h;~ Binomial(s, ;)
for (i in 1:k){

# observed counts fi~ Binomial(n, 6;;)

h[i] ~ dbin(thetah[i],s) 1
f[i] ~ dbin(thetaf[i],n) O = cb(idi -¢)

# reparameterization using equal-variance Gaussian SDT

1
thetah[i] <- phi(d[il/2-c[i]) O = ®(-5di —c)
thetaf[i] <~ phi(-d[i]/2-c[i])

# bias and sensitivity ¢; ~ Gaussian(uc, o)

c[i] ~ dnorm(muc, lambdac)

d[i] ~ dnorm(mud, lambdad) d; ~ Gaussian(pa, 0q)

} N(0-2) e N0
He "o01) Fa~NO55pD

# priors

muc ~ dnorm(@,.001) Ae~Gamma(.001,.001)

mud ~ dnorm(@,.001)

lambdac ~ dgamma(.001,.001) Ag~Gamma(.001,.001)

lambdad ~ dgamma(.@@1,.001)
sigmac <- 1/sqrt(lambdac)
sigmad <- 1/sqrt(lambdad) 0, = — 1

Figure 4. Script for setting up the equal-variance Gaussian signal detection theory model
with an extension in WinBUGS.

In summary, Davis (2015) manipulated incomplete feedback in a simple tone-in-
noise detection experiment to study the effects of incomplete feedback on response bias.
Davis (2015) analyzed the data carefully for each subject. Incomplete feedback indeed
resulted in changes in response bias on an individual level. However, Davis (2015) did
not make any inference for the population’s response bias under incomplete feedback
conditions. The results of an experiment should not be limited to the observers who
participated in the study. Thus, an inferential data analysis is needed. The next chapter

presents the results from inferential data analysis with Bayesian statistics.
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Chapter 3 Reanalysis and Results

3.1 Data collected in Davis (2015)

Davis (2015) provided the HIT rate and FALSE ALARM (FA) rate averaged over
10 blocks for each subject in each condition (Table 1). HIT count and FA count were
recovered from the HIT rate and FA rate. There were 500 trials in each condition, 250 of
which were SN trials and 250 were NA trials. Thus, the HIT count in 250 trials is 250
multiplied by the HIT rate. The FA count in 250 trials is 250 multiplied by the FA rate.
For each condition, HIT counts and FA counts for all subjects were then fed into the
Markov Chain Monte Carlo sampling procedure to estimate the group-level response bias

(uc) and sensitivity (¢q).

Table 1. HIT rate and FA rate averaged over 10 blocks for each condition and each

subject
Condition | Rate | sl s2 s3 s4 s5 s6 s7 s8 s9 s10
HIT |0.69 [045 |0.61 |045 |0.72 | 0.67 |0.49 |0.44 |0.59 |0.39
NO-KR FA |0.17 | 0.08 | 0.06 |0.09 |0.28 |0.08 | 0.22 |0.07 |0.21 | 0.06
HIT |0.63 |0.65 |0.71 |0.67 |0.78 |0.71 | 0.64 |0.66 |0.74 | 0.50
[H] FA |023 [041 |0.13 |0.15 |0.27 |0.33 | 042 |0.30 [052 |0.11
HIT |0.67 |064 | 051 |059 |0.66 |0.53 |0.67 |056 |0.67 |0.56
M FA |0.20 [045 |0.11 |0.30 |0.20 |0.18 | 0.28 |0.45 |0.31 | 0.07
HIT |065 |057 |0.70 |0.43 |0.71 | 056 | 0.67 | 052 |0.71 | 0.51
[FA] FA 0.09 | 0.24 |0.16 [0.26 | 0.33 | 0.34 |0.24 [0.40 | 0.41 |0.20

Continued
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Table 1 Continued

Condition | Rate | sl s2 s3 s4 s5 s6 s7 s8 s9 s10
HIT |0.72 {083 | 046 |0.29 |0.61 | 056 |0.63 |0.52 |0.57 |0.35
[CRI FA | 027 | 028 |0.22 [0.34 [0.24 |0.13 |0.31 |0.19 |0.41 |0.07
[H, M] HIT |0.78 [ 0.70 | 0.82 |0.82 |0.66 |0.68 |0.58 |0.60 |0.69 |0.47
FA |030 {038 | 041 |036 |0.23 [0.34 | 051 |0.12 |0.37 |0.09
H, FA] HIT |058 [060 |053 |0.74 |0.74 | 0.78 | 0.60 |0.50 |0.70 | 0.63
FA |012 | 027 [0.18 | 024 |035 [0.29 |041 |042 |0.42 |0.12
[H, CR] HIT |0.70 [051 |0.86 |053 |0.74 | 059 | 053 |0.62 |0.71 | 0.53
FA |0.19 [0.17 | 047 |0.40 |0.26 |0.31 |044 |0.20 |0.38 |0.18
[H.M.FA] HIT |0.72 |0.73 |0.82 |0.81 |[0.76 |054 |0.70 | 057 | 0.65 | 0.43
FA |019 [031 |0.37 |0.26 [0.19 [0.34 |0.27 |0.43 [0.44 |0.14
All-KR HIT |0.77 | 0.75 | 0.68 |0.66 |0.62 | 057 |0.52 |0.46 |0.69 |0.63
FA |026 [040 |0.34 |050 |0.34 |0.33 |0.30 |0.40 |0.41 |0.16

3.2 Results of inferential data analysis

Stimulus strength was kept constant throughout the experiment in terms of the
individualized signal-to-noise ratio. Thus, group-level sensitivity (u ) is expected to be
relatively stable across conditions. Response bias is assumed to be affected by non-
sensory information conveyed by feedback. Thus, group-level response bias (u.) is
expected to vary across conditions. Posterior means and 95% credible intervals for u.,
Uq, as well as g, (spread of response bias in the group) and o, (spread of sensitivity in
the group) in all conditions are reported in Table 2. Figure 5 shows the posterior
distributions of u, for all conditions. Figure 6 shows the posterior distributions of u, for
all conditions. Posterior distributions of o, and o, are shown in Figure 7 and Figure 8,

respectively.
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Table 2 Posterior means and 95% credible intervals for u., u4, o, and o,.

o, o,
Feedback Condition He Ha c d

mean| 95% CI |mean| 95% CI |mean| 95% CI |mean| 95% CI

No Feedback | 0.52 |0.31,0.74 | 1.31 |1.07,1.54| 0.32 |0.19, 0.53| 0.33 | 0.18, 0.58

CR 0.29 | 0.07,0.52 | 0.87 |0.53,1.21| 0.34 |0.21,0.58| 0.51 |0.31, 0.87

FA 0.19 | 0.05,0.34 | 0.93 |0.62,1.23| 0.22 |0.13,0.36| 0.46 | 0.27,0.8
MISS 0.22| 0.04,04 | 098 0.7,1.26 | 0.27 |0.16,0.46| 0.41 |0.24,0.71
HIT 0.08 |-0.11,0.27| 1.05 |0.77,1.32| 0.28 |0.17,0.48| 0.4 |0.23,0.69
HIT + CR

cometriaty | 0L |-0-11,0.29/ 0,91 |0.63,1.18| 0.3 | 0.18,05 | 0.4 0.24,0.69

HIT+ FA

vy 0.12 {-0.05, 0.29| 0.98 |0.68, 1.28| 0.26 |0.15,0.44| 0.44 |10.26, 0.76
(“yes” trials)

HIT + MISS

: : 0.02 |-0.21,0.25| 1.02 | 0.76, 1.29| 0.35 | 0.21, 0.59| 0.38 |0.22, 0.65
(signal trials)

HIT + MISS + FA | 0.05 [-0.12,0.23| 1.03 |0.73,1.34| 0.26 |0.16, 0.44| 0.47 |0.28, 0.79

All Feedback | 0.03 | -0.1,0.16 | 0.77 | 0.5,1.04 | 0.19 |0.11,0.34| 0.39 |0.23, 0.66

A comparison between the two extreme conditions (No Feedback and All
Feedback) suggests that providing complete feedback to the subjects had effectively
reduced response bias. Subjects showed a significant amount of response bias when no
feedback was provided (No Feedback, fi. = 0.52). As can be seen from the first row of
Figure 5, the posterior distribution of . is far away from the unbiased position indicated
by the vertical dashed line. Subjects were conservatively biased in this condition. When

complete feedback was provided, response bias was reduced almost to none (All
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Figure 5. Posterior distributions of the mean of bias (u.) in all conditions. The vertical
dashed line in each row shows the unbiased position. (NO-No Feedback; CR-CORRECT
REJECTION; FA-FALSE ALARM; M-MISS; H-HIT; H.CR- correct trials; H.FA-“yes”

trials; H.M-signal trials; All-All Feedback)
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Feedback, i, = 0.03). As can be seen from the last row of Figure 5, the posterior
distribution of u, is very close to the unbiased position.

When feedback was incomplete, the response criterion in most conditions was not
optimal. As can be seen from Figure 5, the posterior distributions of u. deviate from the
unbiased position in these conditions. When feedback was provided for just one Signal-
Response combination (HIT, MISS, FA, or CR), bias was reduced compared to the No
Feedback condition (CR, . =0.29; FA, fi. =0.19; MISS, fi. = 0.22; HIT, . = 0.08; No
Feedback, i, = 0.52). Posterior distributions of . in these conditions are much closer to
the unbiased position than in the No Feedback condition. Among these four conditions,
providing feedback for HIT has the greatest effect in reducing response bias. The 95%
credible interval of u. in HIT condition contains 0.

Providing feedback for signal trials (HIT + MISS) further reduces bias almost to
none (fi. = 0.02). Providing feedback for “yes” trials (HIT + FA) does not reduce bias
further (HIT + FA, fi. =0.12). Providing feedback for correct trials has a similar effect
(HIT +CR, /i, =0.1). Providing feedback for HIT, MISS and FA reduces bias almost to
none, although the effect is not as great as providing feedback for signal trials only (HIT
+ MISS+ FA, fi. = 0.05; HIT + MISS . =0.02).

As can be seen from Figure 6, most conditions show relatively similar
sensitivities except the first and last conditions. For the eight conditions that were
randomly presented, posterior means of u, are between 0.87 and 1.05. Sensitivity in the
first condition, No Feedback, is the highest among all conditions (i1, = 1.31). Sensitivity
in the last condition, All Feedback, is the lowest among all conditions (i, = 0.77). Davis
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Figure 6. Posterior distributions of the mean of sensitivity (u ) in all conditions (NO-No
Feedback; CR-CORRECT REJECTION; FA-FALSE ALARM; M-MISS; H-HIT; H.CR-
correct trials; H.FA-“yes” trials; H.M-signal trials; All-All Feedback)
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(2015) reported that most subjects (9 out of 10) showed sensitivity above 1 in the first
condition, while most subjects (8 out of 10) showed sensitivity below 1 in the last
condition (many were around 0.7 and one was as low as 0.16).

The estimated spread of the parent distribution of response bias (&,) in each
condition is reported in the fifth column of Table 2. It is between 0.19 and 0.35. The All-
Feedback condition shows the smallest spread among all conditions (6. = 0.19),
indicating that response bias varies the least across subjects when feedback was
complete. The estimated spread of the parent distribution of sensitivity (;;) in each
condition is reported in the sixth column of Table 2. It is between 0.33 and 0.51. The
variability of sensitivity among subjects is similar across conditions.

In summary, response bias varied across conditions while sensitivity was
relatively constant. When there was no feedback, subjects showed a substantial amount of
response bias toward “No”. When feedback was complete or when feedback was
provided for signal trials, response bias was reduced almost to none. Chapter 4 will
discuss how feedback might convey non-sensory information (a priori probabilities and
costs and values of responses) to the subjects and how response bias was influenced

accordingly.
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Figure 7. Posterior distributions of the standard deviation of bias (o,) in all conditions
(NO-No Feedback; CR-CORRECT REJECTION; FA-FALSE ALARM; M-MISS; H-
HIT; H.CR- correct trials; H.FA-“yes” trials; H.M-signal trials; All-All Feedback)
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Figure 8. Posterior distributions of the standard deviation of sensitivity (o) in all
conditions (NO-No Feedback; CR-CORRECT REJECTION; FA-FALSE ALARM; M-
MISS; H-HIT; H.CR- correct trials; H.FA-“yes” trials; H.M-signal trials; All-All
Feedback)



Chapter 4 Discussion and Conclusions

4.1 Effects of Incomplete Feedback on Response Bias

To maximize performance in a long series of observations (specifically, to
maximize expected values), recall that the optimal likelihood ratio criterion, S, is
given by the equation

_ P(NA) [V(CR) + C(FA)]
Pove = BNy W) + Q)]

where V(CR) is the value of a CORRECT REJECTION, C(FA) is the cost of a FALSE
ALARM), V(H) is the value of a HIT, and C(M) is the cost of a MISS. Values and costs
are all entered as positive numbers. If costs and values are irrelevant and the goal is to

simply maximize the proportion of correct responses, the optimal likelihood ratio

criterion is simplified to B, = I;g;i (Green and Swets, 1966, pp. 23). For the auditory

detection task in Davis (2015), values of correct responses and costs of incorrect
responses were not specified numerically or as monetary gains or losses. Subjects were

simply asked to “get as many correct answers as possible”. Therefore, the optimal

P(NA)
P(SN)’

criterion for the experiment is simply S,,; = The ratio of the a priori probabilities

is 1, S0 Bop: = 1, Which is also the unbiased response criterion.

Since subjects were not told before the experiment that SN and NA events were

equally likely to occur, they could have assumed that P(SN) and P(NA) were equal, or
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that SN was more likely to occur than NA, or the other way around. Thus, the subjective
a priori probabilities ratio could be equal to, less than, or greater than 1. If there is no
feedback, it is up to each subject to decide whether to behave conservatively, liberally, or
neutrally. When complete feedback is available, subjects could learn that the a priori
probabilities P(SN) and P(NA) were equal from the feedback. That is, an indication of
“HIT” or “MISS” indicates that a SN trial has occurred; a “FALSE ALARM” or
“CORRECT REJECTION” indicates that a NA trial has occurred. When feedback is
incomplete, subjects may, or may not, gain an accurate estimate of the a priori
probabilities.

A visual display was used to indicate whether a response was correct or not. A
check and a green response button were used to convey a HIT or a CORRECT
REJECTION. A cross and a red response button were used to convey a MISS or a
FALSE ALARM. With complete visual feedback, the values of correct responses and
costs of incorrect responses were reinforced equally. With incomplete feedback, only
some values or costs were reinforced. This might have result in an imbalanced internal
payoff matrix. That is, the value of a HIT, the value of a CORRECT REJECTION, the
cost of a MISS and the cost of a FALSE ALARM could be considered unequal by the
observers. From the perspective of an observer, the decision goal might be not just to

maximize the number of correct responses, but also to maximize the expected “value”.

P(NA) [V(CR)+C(FA)

] . o
PGN) VD ICOD)] as the optimal response criterion.

The observers might have used

The magnitude of UCOLEG) might increase or decrease when some decision
[V(H)+C(M)]

outcomes are reinforced by feedback. When HITs were reinforced, subjects knew the
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occurrence of a HIT, but did not know when a MISS, a FALSE ALARM or a CORRECT

REJECTION had occurred. In this case, the value of a HIT might have been reinforced,

V(CR)+C(FA)

and the magnitude of the ratio
+C(M)

might have been decreased, because part of

the denominator was increased (indicated by the blue text color).

Subjects were very conservative in the first condition where no feedback was
available. The estimated response bias was positive. This indicates that the corresponding
likelihood ratio criterion is greater than 1. That is, the product of the unknown subjective

ratio of costs and values and the unknown subjective ratio of a priori probabilities is

P(NA) V(CR)+C(FA)
P(SN) V(H)+C(M)

greater than 1 ( > 1). This indicates that subjects might have expected

NA trials occur more often than SN trials, and/or the cost of a FALSE ALARM and the
value of CORRECT REJECTION is greater than the cost of a MISS and the value of a
HIT. It is more probable that the subjective ratio of a priori probabilities was the
dominant factor since no visual display of green check or red cross was shown to the
subjects at all in this condition. The conservative behavior might just be a characteristic
of this group of subjects. This group of subjects was a convenient sample. They had a lot
of experience in other auditory detection experiments. If a different sample of subjects
were recruited from a more general population, liberal or neutral behavior might have
been observed.

When complete feedback was provided in the last condition, the subjective ratio

of a priori probabilities % might be close to 1 for each subject. Subjects could tell

whether an SN event occurred or not because feedback occurred on every trial. Subjects

34



might have cumulated this information over time and learned the equal a priori

probabilities of SN and NA events. Also, when feedback was complete, the subjective

V(CR)+C(FA)

magnitude of TN

might be close to 1, since the values and costs of all decision

outcomes were equally emphasized. Both ratios were close to 1, driving the response
criterion toward the unbiased position.

It is quite interesting that the response criterion was almost at the unbiased
position when feedback was provided for “signal” trials (HIT and MISS). In this
condition, signals and feedback occurred together, subjects could learn the a priori
probabilities by comparing the number of trials with feedback and the number of trials

with no feedback, or at least they could tell that SN trials were not as rare as they might

P(NA)
P(SN)

have expected at the beginning of the experiment. Thus, the subjective ratio of

might be still greater than 1, but not as large as that when no feedback was available. The

V(CR)+C(FA)

subjective ratio of might be less than 1, because HIT trials and MISS trials

were reinforced by the visual feedback, and subjects might have thought that the value of
a HIT and the cost of a MISS were greater than the value of a CORRECT REJECTION
and the cost of a FALSE ALARM. Taken together, the product of the two ratios might be
close to 1.

When feedback was provided for “correct” trials (HIT and CORRECT
REJECTION), subjects could have learned that the a priori probabilities were equal, but
it was not as easy as when feedback was provided for “signal” trials. To learn how likely

an SN trial occurs in this condition, subjects must add the number of HITs (“yes”
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responses with feedback) and the number of MISSes (“no” responses without feedback).
Similarly, to learn how likely a NA event occurs, subjects must add the number of
CORRECT REJECTIONS (“no” responses with feedback) and the number of FALSE
ALARMs (“yes” responses without feedback). Keeping track of these sums would not be
not easy, especially when the task is to pay attention to a weak signal embedded in noise.
This may explain why the response criterion in this condition was not as unbiased as

when feedback was provided for “signal” trials. No speculation can be made for the

VICRHEEA) i this condition,
Tcan

impact of proving feedback for correct trials on the ratio
since part of the numerator is increased and part of the denominator is increased.

When feedback was provided for “yes” trials (HIT and FALSE ALARM),
information about the a priori probabilities was not complete. It was not possible to count
the number of SN trials or NA trials in a block. One must know either the number of
HITs and MISSes, or the number of FALSE ALARMs and CORRECT REJECTIONS, to
learn the a priori probabilities. This may explain why the response criterion in this

condition was not as unbiased as when “signal” trials received feedback or when all trials

received feedback. Again, no speculation can be made for the impact of providing

V(CR)+

, since one element in the numerator and
+C(M)

feedback for “yes” trials on the ratio

one element in the denominator were reinforced.

It may be interesting to compare response biases when only HIT received
feedback and when only CORRECT REJECTION received feedback. When HIT
received feedback, an observer could count the number of a large portion of SN trials.

This would correct the observer’s initial belief that SN trials may be rare. Similarly, when
36



CORRECT REJECTION received feedback, an observer could count the number of a
large portion of NA trials. This would correct the observer’s initial belief that NA trials
are very common. Thus, providing feedback for HIT and providing feedback for

CORRECT REJECTION may be considered as providing similar information about the a

priori probabilities. The subjective ratio % should be similar in these cases. However,

providing feedback for CORRECT REJECTION leads to a more conservative bias than
providing feedback for HIT. Knowing when a CORRECT REJECTION occurs might

have emphasized the value of a CORRECT REJECTION, which increased the ratio

+C(FA)

—————— resulting in a greater (more conservative) likelihood ratio criterion. Knowing
V(H)+C(M)

when a HIT occurs might have emphasized the value of a HIT, which decreased the ratio

V(CR)+C(FA)
+C(M)

, resulting in a smaller (less conservative) response criterion.

Above all, the effect of incomplete feedback on response bias in the experiment of
Davis (2015) could be interpreted in terms of how feedback conveys information about a
priori probabilities of SN and NA trials and the relative importance of decision outcomes
to the subjects. When information was complete, observers were able to achieve the
optimal response criterion associated with the setting of the experiment (equal a priori
probabilities and a balanced payoff matrix), which was also the unbiased criterion. When
information was incomplete, the criterion used by the observers deviated from the

unbiased criterion. It seems the observers maintained an optimal criterion which was

determined by the available information.
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4.2 Sensitivity

In general, sensitivity was relatively stable across 8 out of the 10 conditions,
indicating that the internal representation of the presence or absence of the signal was
controlled well by the individualized signal-to-noise ratios. Feedback did not have a
substantial effect on sensitivity. However, it was not completely clear why this group of
subjects showed higher sensitivity in the first condition and lower sensitivity in the last
condition. This may have been a decrease of sensitivity over time due to fatigue, but one
may also question why it was not the case that sensitivity increases as subjects become
more experienced with the stimuli. In a future study, one may want to present all
experimental conditions in random order instead of fixing the condition with no feedback

at the beginning and the condition with complete feedback at the end.

4.3 Summary and Conclusions

Subjects showed little or no response bias when complete feedback was provided,
while the amount of bias was significant when there was no feedback, as expected. Once
some feedback was provided, although incomplete, response bias was reduced
significantly. For this group of subjects, providing feedback for HIT reduced bias more
than for providing feedback for MISS, FALSE ALARM and CORRECT REJECTION.
When feedback was incomplete, response bias was not reduced as much as when
feedback was complete, except when feedback was provided for signal trials (HIT and
MISS). Providing feedback for signal trials was as effective as providing feedback for all

decision outcomes in reducing response bias for this group of subjects. Perhaps the result
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of the current study is uniquely defined by the conservative character of this group of
subjects. A larger sample might yield subgroups with liberal or neutral pre-testing bias
allowing a study to determine the effects of incomplete feedback on those subgroups.

The issue in real-world signal detection tasks highlighted by the study of
incomplete feedback, is that information about the environment available to the observer
may be limited. which could result in a ceiling for the observer’s behavior. In the
experiment of Davis (2015), feedback carries information about the a priori probabilities
as well as costs and values of correct and incorrect responses. When part of the feedback
was taken away, subjects could not respond without bias to optimize their long-term
performance.

Together, a priori probabilities, values of correct responses and costs of incorrect
responses (the payoff matrix), and the amount and type of feedback could all vary in real-
world listening situations or other signal detection scenarios. A priori probabilities of
different states of the world could be unequal. VValues and costs for different responses
may be unbalanced. Feedback for certain responses may or may not be accessible. These
could all affect an observers’ response criterion which drives his/her performance in a
signal detection task in the real world. When designing a laboratory signal detection
experiment, non-sensory factors mentioned above should be incorporated into the design

to improve the external validity of the experimental results.
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4.4 A brief proposal for a follow-up study

The results of the current study and theory of signal detection suggest that
response bias exists (response criterion is not optimal) when feedback is incomplete. One
may be curious about whether response bias could be trained out of a listener who must
operate in situations for which incomplete feedback is the norm. An experiment could be
designed to test this hypothesis. Below is a brief proposal for the experiment.

The simple tone-in-noise detection task from Davis (2015) will be used. SN and
NA trials will be set equally likely to occur. For this experiment, let us specify the values
of HIT and CORRECT REJECTION as monetary gain of 5 dollars and costs of MISS
and FALSE ALARM as monetary loss of 5 dollars. Listeners will be recruited and
randomly assigned to the control group and the treatment group. Individualized signal-to-
noise ratio will be determined for each listener in the same way as described in Davis
(2015). Listeners will go through a familiarization task as that in Davis (2015) to get
familiar with the stimuli and the psychophysical procedure. Listeners in the treatment
group will receive an additional training session. The purpose of the training session is to
reinforce the non-sensory information that will direct response criterion to the unbiased
position according to theory of signal detection. During the training session, listeners in
the treatment group will be told explicitly that SN and NA trials are always equally likely
to occur. They will also be told that each correct response results in a monetary gain of 5
dollars and each incorrect response results in a money loss of 5 dollars. To emphasize
this information, listeners will be required to practice with several blocks of trials. A

visual display will show them whether the signal was present or absent. After a response,
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a counter will show the monetary gain/loss. After the training session, a test session will
be given to both groups of listeners. The experimental conditions will be the same as
those in Davis (2015). The only difference is that the visual display will show the total
value at the end of a block. Finally, performance will be compared between the two
groups.

If listeners in the treatment group show less response bias than listeners in the
control group, this suggests that non-sensory information could be reinforced and fixed in
advance by training. Later, subjects can keep the unbiased response criterion even if they
have to operate in situations where incomplete knowledge of results is the norm. If
listeners in both groups show similar results, this indicates that it is difficult to fix non-
sensory information by training, and response bias will continue to be influenced

significantly by incomplete knowledge of results.
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