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Abstract 

Measurement, design, and training programs in human factors often rely on the formal 

concepts of signal detection theory in order to analyze and interpret the performance of human 

operators.  Following recent work in the response time modeling literature, we propose a 

generalization of this classical framework that is as simple to apply and yet more powerful, in the 

sense that it is able to identify speed-accuracy trade-off effects that would be confused by 

detection theory with sensitivity effects.  Like the classical, static detection models, this dynamic 

framework distinguishes between the sensitivity of the operator and operator biases that may 

lead to higher identification rates for some events but at the expense of lower identification rates 

of other events.  We deve lop formulas for the three free parameters of the dynamic model that 

can be computed easily without requiring a parameter search routine.  We also show how two 

different kinds of biases, in the stopping rule and in the decision rule, can be distinguished and 

related to conditions of the display or to operator preferences.  These methods require no 

additional design features and make it possible for investigators not only to quantify an 

operator’s ability to perform a discrimination task but also to provide feedback that operators can 

use to correct any suboptimality in their decision making strategy. 
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Dynamic Signal Detection Theory: 

The next logical step in the evolution of signal detection analysis 

 

Signal detection theory is one of the most widely accepted theories in human factors. It 

was developed a little less than 50 years ago and, remarkably, is still largely applied in almost its 

original form today.  Although there are many reasons for the great success of this theory, many 

researchers would probably agree that there is also room for improvement.  Notably, signal 

detection theory has long been known to provide an inadequate account of speed - accuracy trade 

off effects, which permeate data from detection studies.  More recently, the theory’s conception 

of decision making biases and their effects on performance have been empirically falsified 

(Balakrishnan, 1998a,b; Balakrishnan, 1999; Balakrishnan & MacDonald, 2001a).  In this article, 

we argue that it is time to take the next logical step in the evo lution of detection theory and 

develop this approach beyond its currently accepted status.  We present a more general, dynamic 

version of signal detection theory that is up to date with empirical data and then demonstrate the 

advantages that this additiona l structure adds to the original theory.  

There is a growing movement in cognitive psychology to model human decision-making 

by a sequential sampling and evidence accumulation type of process.  These processes (random 

walk models in discrete time, and diffusion models in continuous time) form the theoretical basis 

of a wide range of cognitive decision models including sensory detection (Smith, 1995; Usher & 

McClelland, 2001), perceptual discrimination (Link & Heath, 1975; Link, 1992), memory 

recognition (Ratcliff, 1978), conceptual categorization (Ashby, 2000; Nosofsky & Palmeri, 

1997) and even higher-level decisions (Aschenbrenner, Albert, & Schmalhofer, 1984; 

Busemeyer & Townsend, 1993).   
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Optimal statistical decisions based on sequential sampling procedures were first 

developed from classical hypothesis testing principles by Wald (1947) and later from Bayesian 

principles by Blackwell and Girshick (1954) (see DeGroot, 1970, for a more recent treatment of the 

Bayesian approach). Stone (1960) first suggested using sequential sampling theory as a model 

for human choice response time. Shortly thereafter, Edwards (1965) applied the theory to human 

decision-making research. The first systematic applications of the random walk models to data, 

however, were carried out by Laming (1968) and Link and Heath (1975).  Ratctiff (1978) 

independently proposed a version of the diffusion model for recognition memory data  

Some of the first major empirical tests of these models were conducted by Link (1975) 

and Green, Smith, and von Gierke (1983).  Luce (1986) provides a review of this earlier 

literature. More recently, Ratcliff and his colleagues have accumulated a massive amount of 

empirical evidence supporting these models and contrasting them with other approaches (see, 

e.g., Ratcliff, van Zandt, & McKoon, 2000; Ratcliff & Rouder, 2000). 

Given the long history of sequential sampling models, their substantial empirical support, 

and the popularity of these models in many areas of cognition, it is somewhat surprising to see so 

few applications of these models in human factors work.  In an important sense, sequential 

sampling models are logical extensions of signal detection theory that take account of the 

dynamic nature of decisions.  For this reason, it is reasonable to view these models as a form of 

Dynamic Signal detection Theory (DST) as opposed to Static signal Detection Theory (SDT).  In 

the first part of this article, we show how DST can be viewed as an extension of SDT. We then 

illustrate the main advantages of using DST over SDT -- DST not only provides detectability and 

bias parameters (similar to SDT), but it also provides a new parameter to account for speed 

accuracy trade off effects, which are probably prevalent in signal detection work and can easily 
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“fool” the SDT measures.  Finally, we briefly discuss extensions of the theory to account for 

some recent results and show how DST provides a simple explanation for findings that reject the 

basic conceptualization of decision making in SDT. 

 

Static Signal Detection Theory (SDT) 

Although familiar already to many, it is probably still useful to begin with a brief 

summary of SDT.  Consider a decision maker (DM) who is presented with a yes-no detection 

problem (or, more generally, any two-choice classification problem), and must make a binary 

choice between a signal response (Rs) and a noise response (Rn).  SDT assumes that this decision 

is the outcome of a statistical hypothesis test that is based on the evidence from the sample of 

data observed during the choice trial. From the outset, detection theorists were well aware that 

this sample evidence must be collected over a period of time, and would therefore represent a 

series of observations rather than a single one.  They were willing to assume, however, that the 

number of samples, N, was unrelated to the sample evidence or to the DM’s biases.  

Consequently, SDT fails to provide a theoretical basis for determining the sample size, N, on a 

given trial. Instead, the decision maker is assumed to fix N at some unknown value before any 

observations are taken, and the sample size is assumed to be independent of the evidence 

provided by the observations during the sampling process.   

Instructions and experimental design protocols were developed in part to increase the 

plausibility of this fixed-sample model (Green & Swets, 1974, Appendix III).   Taking this 

crucial assumption for granted, the total evidence from a (fixed) sample of N independent 

observations (e.g., the subjective likelihood ratio of the N observations) can be defined as a sum,   
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L(N) =  ∑i = 1,N Xi       (1) 

where Xi , i = 1, …., N, is the evidence produced by the ith observation within the sample. 

Positive values of Xi represent evidence favoring the signal response and negative values favor 

the noise response.  The decision maker chooses to report a signal if the total evidence exceeds a 

criterion, L(N) > c, and reports noise if the total evidence falls below this criterion, L(N) < c.  The 

criterion c is assumed to be influenced by the prior probabilities (base rates) of the two stimuli 

and payoffs.  Setting N = 1 yields the classical detection model, while letting N > 1 introduces 

only a minor additional assumption (i.e., that the final evidence value can be represented as the 

sum of N individual sample values).   

Now suppose that the individual samples (Xi) on a trial are each distributed with a 

common mean, E[ Xi ] =  δ , and a common variance Var[ Xi ] = σ2.  On signal trials, E[ Xi ] =  δs 

= +δ > 0, while on noise trials E[ Xi ] = δn  = -δ < 0.  The difference between the two means is 

therefore 2⋅δ.  The mean of the total evidence after N samples are collected is given by  

µ(N) = N⋅δ, 

and, assuming that the variance of the evidence, Var[ Xi ], is the same on signal and noise trials, 

σ2
s =σ2

n = σ2,  the variance of the total evidence equals 

σ2(N) = N⋅σ2. 

The detectability parameter, d'(N), based on the N  samples is then defined as  

 d'(N) =  N(2⋅δ)/(√N σ) = √N⋅ 2⋅(δ/σ) = √N ⋅ d,   (2) 

where d = 2⋅(δ/σ) is the discriminability per observation within a trial.   Note, however, that the 

choice probabilities (i.e., the hits and false alarm rates) in the detection task are based on d'(N), 

and this is the parameter that is estimated from the hits and false alarms (with N fixed across 
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subjects, conditions and trials at some unknown value).  The discriminability per observation, d, 

cannot be determined from the choice probabilities alone.  

Estimation of discriminability and bias. Although again quite familiar to detection 

researchers, for purposes of comparison with DST, it will be helpful to review methods for 

estimating detectability and bias in SDT. To begin, we introduce some additional notation.  First, 

the probability of responding signal, given that a signal is presented, i.e., the hit rate, will be 

denoted as Pr[ Rs | s ], and Pr[ Rn | s ] = 1 -  Pr[ Rs | s ] is the probability of responding noise, 

given a signal was presented, i.e., the miss rate. Similarly, Pr[ Rs | n ] is the probability of 

responding signal when a noise trial was presented, i.e., a false alarm; and Pr[ Rn | n ] = 1 - Pr[ Rs 

| n ] is the probability of responding noise when a noise trial occurred, i.e., a correct rejection.  

Following the standard version of SDT, we will assume that the summed evidence from 

the set of N observations, L(N), is normally distributed (if the observations are independent, and 

N is large, then the central limit theorem will guarantee that this distribution is at least 

approximately normal). If a signal is presented, this distribution has a mean equal to µs(N) = -

µn(N) > 0 and a variance equal to σ2(N); if a noise stimulus is presented, then the mean is µn(N) = 

-µs(N) < 0.  Under these assumptions  
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where F is the cumulative normal distribution function.  For purposes of comparison with DST, 

it is useful to replace the cumulative normal distribution with the cumulative logistic distribution 

function, which closely approximates the cumulative normal distribution function.  In this case 
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we can write F simply as ze
zF −+

=
1

1
)(  and transform the hits and false alarms into new z-

coordinates as follows: 
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Discriminability is then  
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and the bias, in standardized units, is 

2/)(
)(

)log( FAHitSDT zz
N
c

+−==
σ

β .     (6) 

If this bias value is negative, the DM is biased toward the signal response; if it is positive the DM 

is biased toward the noise response.   

Equations 5 and 6 depend, of course, on assumptions about the distributions of the 

evidence samples (i.e., they are normally or logistically distributed with equal variance on signal 

and noise trials).  Most investigators are familiar with these kinds of assumptions and their 

practical implications.  In order to understand the relationship between dynamic and static 

models of discrimination, however, it is important to also understand the general concept of bias 

in SDT, since this same concept will also apply to the dynamic models.  A biased DM is a 

someone who will assign, say, a signal response to some value of the sampled evidence, L(N) = l, 

even though the relative frequency (density) of this effect on noise trials is greater than relative 

frequency of this effect on signal trials, i.e.,  
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for some values of L(N) that are mapped by the DM to the signal response.  We will call this type 

of bias “decision rule bias” in order to distinguish it from other kinds of biases treated within the 

more general DST framework. 

Under some conditions – e.g., when the base rates of the stimuli are unequal – this 

decision rule bias must exist in order for the DM’s decision rule to be optimal (e.g., to maximize 

percent correct), regardless of whether the fixed sample assumption holds or does not hold. That 

is, the same distinction between bias/unbiased and optimality/suboptimality of the DM will also 

apply to the dynamic models. These models, however, will also allow for a second kind of bias, 

i.e., a bias that affects the timing of the response.  

Effects of sample size on detection performance. The fact that the sample size (N) 

moderates the estimated d'(N) raises an important issue: if a DM can strategically vary the value 

of N, then these changes in decision strategy can be mistaken for sensitivity effects by the SDT 

performance statistics.  The problem applies not just to the parametric measure d'(N), but in fact 

to all of the measures that have been developed under the assumption that N is constant, 

including, for example, the so-called non-parametric measure, area under the ROC curve, and 

many other proposed alternatives (see, e.g., Balakrishnan, 1998a, Swets, 1986).  Increases in this 

discriminability ratio across conditions or individuals do not necessarily imply that the 

discriminability per observation has increased, instead perhaps only that the sample size N 

increased. Changes in speed of responding, across conditions or subjects, are well known to 

affect accuracy, producing the so-called speed/accuracy trade-off effects (Pachella & Fisher, 

1972).  Furthermore, the SDT approach fails to provide a principled theoretical basis for 

predicting decision time, which, along with choice probability, is one of the two most important 



10 

and widely used dependent measures in cognitive research. Ad hoc assumptions are sometimes 

attached to relate choice probabilities and response times by signal detection theorists (Thomas, 

1971), but these ad hoc assumptions fail to provide a complete account of the relations between 

accuracy and decision time (see Luce, 1986, for a review).  Dropping the assumption that N is 

fixed, on the other hand, makes it possible to correctly predict response time and confidence 

rating data, the choice probabilities, and the effects of biases on overt behavior. 

 

Dynamic Signal Detection Theory 

Consider a decision maker (DM) who is presented with a yes-no detection problem, and 

makes a binary choice between a signal (Rs) and a noise response (Rn) at some time point t.  For 

simplicity, we can reset the clock after each response is given so that t0 = 0 at the beginning of 

each trial.  

Initially, before any information is retrieved or processed for the current stimulus, the 

DM may have a bias for or against one of the alternatives. This is represented by an initial state 

of cumulative evidence, L(0) , where L(0) > 0 if the initial preference state favors Rs , and L(0) < 

0 if the initial preference state favors Rn , and L(0) = 0 if the initial preference is unbiased.  For 

example, if the base rate for signals is very high, then the decision maker may initially be biased 

in favor of reporting that a signal is present, and hence L(0) > 0; likewise, if the base rate for 

signals is very low, then L(0) < 0 and the initial state will be biased in favor of reporting noise.  

We will call this type of bias a “stopping rule” bias, since its principle effect is on the relative 

speeds of the signal and noise judgments.  Obviously, if the subject is biased toward the signal 

response in this way, he or she will make these responses more frequently and more quickly, at 

the expense of the noise responses, which will be slower and less frequent. 
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Sampling Rates and Discrete versus Continuous Time Models. For the random walk 

models, time is divided into very small discrete steps of size h, and thus the time after n such 

steps is denoted t = nh.  During each step or brief moment in time, h, the DM retrieves or 

processes some information that provides evidence for or against each alternative, and this 

evidence is added to the current preference state to form a new updated preference state.  More 

specifically, if L(t) denotes the state of preference at time t=nh, and X(t+h) denotes the 

increment in evidence processed during the moment of time between t and t+h, then at time t + 

h,  

L(t+h) = L(t) + X(t+h) 

is the updated preference state.  

Because N is no longer fixed, the dynamic version of detection theory must specify the 

factors that determine the value of this parameter on a given trial.  Typically, it is assumed that 

the process of accumulating evidence according to Equation 1 continues until the preference 

state becomes sufficiently strong to exceed a criterion for making a final choice for an item.  This 

“stopping rule” is illustrated in Figure 1. The vertical axis represents the preference state, the 

horizontal axis represents the time continuum, and the sample trajectory represents the evolving 

state of preference.  According to sequential sampling models, the DM continues to process 

information until the preference state either exceeds an upper threshold (denoted +c) in which 

case Rs is chosen; or the preference state crosses below a lower threshold (denoted -c),  in which 

case Rn is chosen. The time required to reach a threshold bound determines the choice time, T. 

Technically, the hit and false alarm rates are determined by the probability of absorption at one 

of the bounds, and the response times are determined by the “first passage time to absorption” 

(see Luce, 1986; Townsend & Ashby, 1983; for tutorials). 
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----------------------------------------------------------- 
Insert Figure 1 about here 

----------------------------------------------------------- 

The threshold bound serves a crucial purpose in sequential sampling models. By varying 

the threshold bound, the decision maker can adjust his or her speed and accuracy trade off 

relations. Choosing a low threshold will tend to produce fast decisions that are likely to be 

inaccurate. Choosing a high threshold will tend to produce slower decisions that are more 

accurate. The threshold may vary across conditions (stress on speed versus accuracy) or across 

individual (impulsive versus compulsive decision makers). 

In fact, one can view DST as having two decision mechanisms, one to stop the sampling 

process (the stopping rule), and the second to make a choice once the process has been stopped 

for whatever reason (the decision rule). The stopping rule stipulates that the sequential sampling 

process should terminate as soon as |L(t)| > c. The decision rule, like SDT, is based on the 

cumulative evidence acquired during the sampling process and can be stated as 

 If  L(T) > +c when the sampling process stops, then choose Rs 

 If  L(T) < -c when the sampling process stops, then choose Rn     

As in SDT, there are a set of information states -- values of L(T) > +c -- that are mapped to a 

signal response and another set of states -- values of L(T) > +c  -- that are mapped to a noise 

response.  A third set, values between –c and c, never occur at the point at which a decision is 

rendered.  The decision rule of the DST model is biased if there exist some values of L(T) for 

which the process will terminate in a signal response (i.e., L(T) > c) and f ( L(T) | n ) > f ( L(T) | s 

) for these values, or similarly some values of L(T) for which the process will terminate in a 

noise response (i.e., L(T) > c), and f ( L(T) | s ) > f ( L(T) | n ) for these values.  Under the 

assumptions that we will introduce later, these conditions are impossible – the DST decision rule 
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is always unbiased, irrespective of the base rates, payoffs or attitudes of the decision maker (yet, 

the model can still predict performance data better than SDT). 

The two types of biases in DST, stopping rule bias and decision rule bias, are logically 

independent concepts, in the sense that bias of one kind does not necessarily imply bias of the 

other kind.  Thus, regardless of whether the stopping rule is biased or unbiased, the dynamic 

model’s decision rule will be biased or unbiased, optimal or suboptimal in the same sense as in 

SDT.  Since the stopping rule in SDT fixes the sample size, the stopping rule in SDT cannot be 

biased. 

DST Assumptions and Parameters . Each new piece of evidence, X(t), is assumed to be 

generated by an independent and identically distributed process with a mean equal to E[ X(t) ] = 

δh  (called the mean drift rate) and variance equal to V[ X(t) ] = σ2h (called the diffusion rate). 

The random walk can then be written as a stochastic linear difference equation: 

 dL(t) =  L(t+h)-L(t) = X(t+h) = δh  + √h⋅ε(t+h),  (7) 

where ε(t) is a white noise process with E[ε(t) ] = 0 and E[ ε(t)2 ] = σ2. As the time unit, h, 

approaches zero in the limit, this discrete time random walk process converges to a continuous 

time Wiener diffusion process (see Bhattacharya & Waymire, 1990; also see Smith, 2000, for a 

comprehensive review of diffusion models.) 

Together these assumptions imply that the mean preference state increases linearly with 

time:   

E[ L(t) ] = µ(t) =  n⋅h⋅δ = t⋅δ 

and the variance of the preference state also linearly increases with time: 

V[ L(t) ] = σ2(t) = n⋅h⋅σ2  = t⋅σ2 
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Furthermore, if the period of time between steps, h, is considered to be very small, then the 

central limit theorem quickly starts operating, and the preference state becomes approximately 

normally distributed:  

L(t) ~ N[ µ(t) , σ2(t) ]. 

Analogous to signal detection theory, we can define a discriminability ratio integrated over time 

d'(t) = 2⋅µ(t)/ σ(t)  = 2⋅(δ/σ)√t   = d√t    (8) 

The parameter, d = 2⋅(δ/σ), is the discriminability ratio per unit time. Equation (8) provides the 

discriminability integrated over time, which increases with the square root of time.  In many 

contexts, the unbounded growth shown in Equation (8) should be considered an unrealistic 

property of the random walk model.  Linear system models that include decay parameters are 

designed to provide limited growth (Busemeyer & Townsend, 1992). However, the simple 

random walk model may provide a good approximation for relatively quick decisions.  

In sum, we can define the three crucial parameters of DST as d = 2⋅(δ/σ), θ = (c/σ), and b 

= (L(0)/ σ ).  The discriminability parameter per unit time, d, is interpreted almost exactly as in 

SDT, except now it is not confounded with processing time. Like signal detection theory, d 

represents the signal to noise ratio determined by the stimulus information, per unit time.  

The bias parameter, b, may be influenced by the same factors as in SDT, which includes 

prior probabilities and payoffs (see Edwards, 1965, for a derivation of the optimal bias and 

threshold bound when the sampling time has an objective cost). One possibility is that the bias b 

will be an increasing function of the signal probability; holding signal probability constant, the 

bias b should be a decreasing function of the ratio of the loss produced by incorrectly responding 

signal and the loss produced by incorrectly responding noise.  
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The threshold bound parameter, θ, is new and captures the influence of speed versus 

accuracy instructions or time pressure.  Increasing the threshold bound increases the probability 

of making a correct choice, and at the same time increases the average time needed to make the 

decision.  In short, θ allows one to model speed-accuracy trade-off effects. The threshold bound 

is also assumed to be a decreasing function of the cost of sampling each new observation (see 

Edwards, 1965). 

Performance Predictions. Like the classical detection models, the dynamic detection 

model can always account for any observed pair of hit and false alarm rates.  For the normally 

distributed random walk or diffusion processes, the mathematically derived probability of a 

signal response can be expressed as (see Cox & Miller, 1965, p. 58;  Karlin & Taylor, 1975, p. 

361): 

1)2exp(
))(exp()2exp(

]Pr[
−

−−
=

θ
θθ

d
bdd

Rs      (9) 

The mean time to make a decision has also been derived for the random walk and diffusion 

model (see Cox & Miller, 1965, Ch. 3):  

 E[ DT ] =  2⋅k⋅{ Pr[Rs](θ-b) - Pr[Rn](θ+b) } / d    (10) 

In Equation (10), the parameter k is simply a scaling factor for accommodating the time units 

that are used to measure the decision time, DT.  For our purposes (i.e., comparing sensitivity and 

bias between different experimental conditions), it may be arbitrarily set to k = 1.  

 

Simple Parameter Estimation with DST 

Up to this point, the theory is fairly general, and places no special constraints on the 

parameters under signal and noise stimulus trials.  Maximum likelihood estimation techniques 

can be used to estimate the parameters from the choice probabilities and response times in this 
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general case (see Ratcliff & Tuerlinckx, 2001, for example). Log likelihood ratio tests can be 

performed to compare competing models. In particular, log likelihood tests can be used to test 

the assumption that the variance is constant across signal and noise conditions.  However, the 

complexity of these analyses compared to the SDT approach makes them relatively inaccessible 

to researchers without special training in this area.  We wish to derive simpler expressions for 

computing the model parameters that are more convenient for users in applied fields. In fact, by 

imposing the standard assumptions of signal detection theory, we can derive simple and robust 

estimates of the three crucial parameters.  

We will assume, as in the case of standard signal detection theory, that the variance is 

constant across signal and noise stimulus conditions. Once again, this is not required by theory, 

and this assumption can be tested by estimating the parameters of the general model described 

above. However, if the assumption holds, then it leads to simple solutions. Furthermore, as in the 

case of standard signal detection theory, we will assume the mean difference, µn, when a noise 

stimulus is presented is simply the negative of the mean difference, µs , when a signal is 

presented, so that µn = -µs.  These two assumptions together imply that the discriminability ratio 

for a noise stimulus,  dn = d, is the negative of the discriminability ratio for a signal stimulus, so 

that dn = -d , and we have only one discriminability ratio corresponding to a fixed stimulus 

intensity condition.  

Given these assumptions, it is possible to derive the following relations between the hit 

and false alarm rates and the model parameters, d , b , and ?: 

  )(
]|[
]|[

ln bd
nRP
sRP

x
s

s −⋅== θ     (11a) 

)(
]|[
]|[

ln bd
sRP
nRP

y
n

n +⋅== θ     (11b) 



17 

Notice that these “coordinates”, x and y, can easily be computed by hand from the observed 

choice probabilities. These two relations were first derived under more general conditions by 

Link (1978).  

Sensitivity and Stopping Rule Bias Estimates.  Using the new observable coordinates, 

x and y, we can derive a measure of stopping rule bias 

  
b
b

y
x

DST +
−

==
θ
θ

β       (12) 

Note that βDST represents the distance from the start position of the walk to the signal bound 

relative to the distance from the start position to the noise bound. If b = 0, then ln(βDST) = 0, and 

there is no bias; if b > 0, then ln(βDST) < 0, and the stopping rule bias favors a signal response; 

and if b < 0, then ln(βDST) > 0, and the stopping rule bias favors a noise response.  

Furthermore, we can separate the discriminability from the bias by the relation 

 d⋅θ = (x+y)/2 .       (13) 

However, this relation leaves the discriminability and the threshold bound confounded (similar to 

the confounding of sample size, N,  and discriminability that occurs in SDT).   

To unconfound discriminability from the threshold bound, we need to use the mean 

response times, pooled across signal and noise trials. For convenience, define ps as the proportion 

of signal trials, and pn as the proportion of noise trials. Also define a new observable coordinate 

w: 

w = { Pr[ Rs | s]⋅ps ⋅x - Pr[ Rn | s]⋅ps⋅y - Pr[ Rs | n]⋅pn⋅x + Pr[ Rn | n]⋅pn⋅y} 

where ps and pn are the base rates of the signal and noise stimuli, respectively.  Notice that w can 

also be easily calculated from the hit and false alarm rates.  From Equation (10) it can be shown 

that  
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where E[DT] is the mean time to choose a response across both the signal and noise trials.  Since 

w can be calculated from the hit and false alarm rates, d is a potential sensitivity measure that 

takes account of time-related response biases.  Now, using this estimate of d, the parameter θ can 

be estimated using 

θ = (x+y)/(2d).       (15) 

Thus, the three parameters of the DST model that characterize the subjects sensitivity and 

decision making styles can be estimated using the three simple formulas given in Equations 12, 

14 and 15.   

  An alternative method for estimating discriminability is made possible by using a design 

in which speed versus accuracy stress is specifically manipulated by the experimenter.  

According to DST, this manipulation only affects the threshold bounds of the walk.  Letting 

E[DT | Speed ] be the mean decision time observed under trials stressing speed and E[DT | 

Accuracy] the mean decision time observed under trials stressing accuracy, it follows from 

Equation 10 that   
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This method for estimating disciminability is based on work by Link (1978). 

 Comparison of Estimates. Suppose that DST is the correct data generating process, but 

we inappropriately use STD to analyze the data. How would this affect the estimates of 

discriminability and bias? Would using the wrong equations to estimate the parameters seriously 

mislead us? 
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To examine this question, suppose we first generate the hits and false alarm rates using 

DST (Equation 9), but then we estimate d'(N) = (d⋅√N) using Equation 5 from SDT. Surprisingly, 

this estimate will be exactly twice the estimate of (d⋅θ) produced by DST using Equation 13. In 

other words, these two estimates are always directly proportional to each other (see Appendix for 

the proof). No big problems yet. 

Next consider the effects of speed - accuracy tradeoffs on the detectability parameter. 

Suppose we generate hits and false alarms using DST (Equation 9), allowing the threshold 

bound, θ, to vary across conditions (as in an experiment that varies emphasis on speed versus 

accuracy to various degrees). Then we estimate d'(N) from this data, separately for each 

condition. Figure 2 below illustrates this effect. The data in this figure were generated by ho lding 

the discriminability per unit time (d) fixed, and only varying the threshold bound, θ. Thus, 

sensitivity is constant across the conditions.  The top panel shows that d'(N) linearly increases 

with the threshold bound, while the bottom panel shows that probability correct changes by 

trivial amounts. This figure serves as a reminder even small, empirically undetectable, changes in 

error rates can result in large changes in d'(N) estimates.  The results also imply that the classic 

SDT measure of detectability will vary as a function of the strategy that the decision maker 

selects for his or her stopping rule, i.e., due to bias in the stopping rule. The same decision maker 

(possessing a fixed level of detectability per unit time, d) can improve his or her d'(N) simply by 

selecting a higher stopping criterion, θ. Or in other words, one observer may have a higher d'(N) 

than another simply because the former adopts a higher stopping criterion.  

----------------------------------------------------------- 
Insert Figure 2 about here 

----------------------------------------------------------- 
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In contrast, if we estimate discriminability per unit time (d) from DST using Equation 14, 

then we find that discriminability remains invariant with respect to changes in the threshold 

bound. Thus, this example illustrates the classic speed-accuracy trade-off effect on sensitivity 

estimates. Increasing the threshold bound produces both an increase in accuracy as well as an 

increase in mean response time. The traditional d'(N) measure used in SDT does not correct for 

this trade-off effect, whereas DST provides a means for extracting the discriminability per unit 

time (d), which is independent of the stopping criterion.  

Now suppose once again that we first compute the hits and false alarm rates using DST 

(Equation 9), but then we estimate the bias using Equation 6 from SDT. In this case, we get 

estimates of bias, which according to DST, are influenced by discriminability. This is illustrated 

in Figure 3 below. The data in the figure were generated from Equation 9 by varying the 

discriminability per unit time (d), holding constant the threshold bound (θ = 1), and most 

important, holding constant the bias, (b = -.50). Thus, only discriminability was varied to 

produce the curve. The horizontal axis in the figure represents the discriminability per unit time 

(d), and the vertical axis is the estimate of bias produced by SDT. Clearly, the SDT estimate of 

bias is contaminated by an influence of discriminability. In fact, as shown in the appendix, for 

large values of d or θ, the bias b from SDT will be approximately equal to d⋅b from DST. 

Therefore, if DST is the generating process, then SDT produces misleading estimates of bias.1  

----------------------------------------------------------- 
Insert Figure 3 about here 

----------------------------------------------------------- 

Motor Response Time .  One additional modeling issue that surfaces whenever response 

time data are analyzed is the time required for the subject to execute a response once a decision 
                                                 
1 Since SDT does not make RT predictions, we cannot reverse the example to show how DST methods would 
perform under SDT assumptions (the DST sensitivity parameter cannot be calculated without a mean response 
time). 
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has been reached at a central level.  The standard assumption for sequential sampling models is 

that the observed response time (RT) may be broken down into a decision time, DT, plus a motor 

time, MT, 

RT = DT + MT. 

The mean response time is then broken down in a similar manner: 

E[RT ] = E[DT ] + E[MT]. 

Note that the addition of the motor time component does not affect the ability to extract 

bias effects, ln(βDST), nor does it affect the ability to estimate the combined sensitivity and 

threshold effects, (d⋅θ). This follows from the fact that both ln(βDST) and (d⋅θ) can be estimated 

directly from the choice probabilities using Equations 12 and 13. 

If it is reasonable to assume that the mean motor time is constant across conditions, 

Equation 16 can be used to estimate the discriminability per unit time, d, without any 

adjustments. This follows from the fact that the motor time cancels out when computing the 

difference in mean response times between two conditions differing only in the stopping rule  

thresholds.  On the other hand, when using Equation 14, a correction may or may not be needed 

for the discriminability parameter estimate d, depending on the circumstances.  As stated, 

Equation 14 assumes that the motor time is zero or trivially small compared to the decision 

times.  If the mean motor time is relatively large, it must be estimated in some manner and 

subtracted out to obtain an estimate of the mean decision time.  That is, from the mean RT and 

the estimated mean motor time, we compute E[DT] = E[RT] - E[MT], and then insert this value 

into Equation 14. If the situation calls for it, there are various ways to estimate the mean motor 

time.  One of these is to measure the response time to highly discriminable stimuli that require 

minimal decision time.  Alternatively, the minimum response time in a reasonably large dataset 
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or the minimum over a set of conditions may also provide a suitable estimate of the motor time if 

the minimum decision time is relatively small.  

Of course, the relative importance of the motor time can be ascertained by choosing 

different values for it and examining the effects of the resulting sensitivity estimates. Figure 4 

illustrates this approach for some relatively moderate values of the DST parameters. The vertical 

axis in the figure represents the estimate of discriminability contaminated by motor time, and the 

horizontal axis represents the proportion of the mean response time contributed by the motor 

time. The true value of the discriminability parameter is shown at the far left of the figure, where 

the motor time is at zero percent, and hence there is no distortion. (In this example, the true value 

for discriminability was set equal to d = 1.0.) Even when the motor time distortion is as high as 

25%, the estimate of discrminability per unit time decreased only slightly, i.e., from 1.0 to a little 

below .90.   

----------------------------------------------------------- 
Insert Figure 4 about here 

----------------------------------------------------------- 

Decision Rule Bias and Suboptimality. So far we have shown how to easily obtain 

estimates of the three free parameters of the DST model, discriminability per observation, d, the 

starting point of the process (stopping rule bias), b, and the placement of the response thresholds 

in standard deviation units, ?.  Large values of d obviously represent high sensitivity to the 

physical stimulus differences, large (positive) values of b indicate a strong bias toward the signal 

response, and large values of ? indicate a willingness to spend relatively more time collecting 

information from the display prior to formulating a judgment.  Since the DST models also 

contain (necessarily) a decision rule, this leaves us with two final properties that need to be 

quantified, bias and suboptimality of this  decision rule.   
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The first of these two properties is easy: no measure of the decision rule bias in the DST 

model is necessary because, as we mentioned earlier, the decision rule of the DST model is 

necessarily unbiased (i.e., is unbiased for any choice of the three free parameters of the model).  

This formal constraint was derived in Balakrishnan (1999).  The effects of base rates, payoffs or 

idiosyncratic biases on the hit and false alarm rates are reproduced in DST by changing the bias 

of the stopping rule.  In contrast, according to SDT, these effects are due to bias in the decision 

rule whereas the stopping rule is always unbiased.   

Unlike the sensitivity and stopping rule biases, bias and suboptimality in the decision rule 

without turn out to be observable, in the same basic sense that, say, mean response time is 

observable (i.e., it can be estimated if it exists).  Instead of deriving measures of bias and 

suboptimality from the DST parameters, therefore, we will show how to perform these “model-

free” tests.  To begin, recall that in both SDT and DST, the decision rule is unbiased if and only 

if  

),|)(()|)(( nlNLfslNLf =>=  

for all values of L(N) that are mapped by the DM to the signal response, and 

),|)(()|)(( slNLfnlNLf =>=  

for all values of L(N) that are mapped by the DM to the noise response.  It does not matter 

whether N is fixed, as in SDT or random, as in DST.  If the decision rule is unbiased, then it can 

be shown that for any set of L(N) values mapped to a signal response, Vs ,the same inequalities 

will still hold, i.e., 

 

),|()|( nVpsVp SS >  

and for any set of L(N) values mapped to a noise response, Vn 
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).|()|( slVpnlVp sn =>=  

Although individual values of L(N) are not observable, sets of L(N) values are observable.  For 

example, the set “all signal responses given at response times between 0.5 and 1 sec” constitutes 

a set of L(N) values mapped to the signal response.  The investigator can therefore observe 

whether the L(N) on a given trial falls into this set or not.  Thus, if the decision rule is unbiased, 

the relative frequency of this set on signal trials must be less than its relative frequency on noise 

trials,  

).|15.0()|15.0( nRTpsRTp <<><<  

Of course, there are many other sets that might be considered – unbiasedness guarantees that this 

inequality will hold for all of them.  Consequently, any violation of this inequality for any set 

unequivocally establishes that the subject’s decision rule is biased, even though we cannot 

observe the information on which the decision is reached.   

The test for suboptimality is derived following essentially the same logic.  If the decision 

rule is optimal, then for any observable set of signal responses, Vs,, 

),|()|( SS VnpVsp >  

and for any set of observable noise responses, Vn 

).|()|( SS VspVnp >  

 In principle, the investigator may choose any observable aspect of the subjects’ choice 

behavior to divide the subjects’ signal and noise responses into subgroups and apply these tests.  

If suboptimality or bias is manifested by any of these then the conclusions are unequivocal, and 

the total proportion of the biased or suboptimal response subgroups is a measure of the total 

proportion of biased or suboptimal trials.  On the other hand, if these tests are not satisfied, this 

does not establish optimality or unbiasedness – failure to identify these properties could always 
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be attributed to a poor choice of behavioral measure.  In the worst case, the measure adds no 

more information beyond what is already contained in the yes-no detection judgment itself, 

which would cause the tests to be very weak (too weak to identify either suboptimality or bias 

when these occur, unless they are extremely strong).   Response time and, for reasons described 

next, subjective confidence, are probably the easiest and most effective measures that an 

investigator could use to apply the tests.   

Predictions of SDT.  Now consider the standard SDT model illustrated in Figure 5.  

When the base rates are unequal, the criterion is shifted, resulting in a set of values of L(N) to the 

left of the criterion such that 

),|)(()|)(( nNLfsNLf >  

even though these values are mapped to a noise response.  The information states near the 

criterion are particularly important in SDT, because they represent states that would be the first 

to be switched to the alternative judgment if the base rates or payoffs are changed to favor this 

alternative judgment.  In other words, they are the states for which the DM is most uncertain 

about his or her response.  Thus, bias and suboptimality should be exhibited, if they exist, in the 

subjects’ (sufficiently) low confidence signal or (sufficiently) low confidence noise responses.   

----------------------------------------------------------- 
Insert Figure 5 about here 

----------------------------------------------------------- 

Although widely accepted in the field, empirical data do not support the SDT prediction 

that the covariance of hit and false alarm rates represents a shift in the placement of a decision 

criterion  (i.e., a decreasing or increasing bias in the “decision rule”).  Even when the base rates 

are substantially different (i.e., 9 to 1 in favor of the noise response) and the hit and false alarm 

rates are accordingly high, the test for bias in the subjects’ low confidence noise responses 
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consistently fails in visual discrimination tasks (Balakrishnan, 1998b; Balakrishnan, 1999).  

Thus, the data indicate that the decision rule is unbiased even when the base rates are unequal, as 

predicted by DST. 

As detection theorists were careful to point out, an unbiased decision rule would be 

suboptimal if the noise stimulus presentation rate is greater than the signal presentation rate.  If 

so, then the suboptimality test should be satisfied for the subjects’ low confidence signal 

responses.  In fact, this empirical test is clearly satisfied when the base rates of the yes-no 

detection task are unequal.  Both tests therefore reject the SDT structure.   

Unlike the detection theory measures, these two tests do not depend on modeling 

assumptions about the sampling distributions or the decision-making processes, including 

whether these processes are static or dynamic.  If the tests are satisfied, they establish a property 

of the probability space that describes the possible outcomes of an experimental trial, the 

decisions they lead to, and their probabilities (see Balakrishnan & MacDonald, 2001b).  The 

optimality test may be particularly useful for applied researchers, because it unambiguously 

shows that a subject’s performance can be improved without changing any property of the 

information sampling process.   If this test is satisfied for, say, a signal response given at 

confidence level 3, then the subject can increase his or her percent correct score by simply 

responding noise at any level of confidence whenever he or she would previously have made this 

signal response at confidence level 3.  Given appropriate feedback, this suboptimal decision 

making strategy can be easily rectified.  
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Empirical Application 

The ultimate test of the DST approach, of course, is its ability to discriminate sensitivity 

and bias in discrimination experiments with different kinds of bias.  Using a standard detection 

design with visual stimuli (horizontal lines varying in size), we varied the physical similarity of 

the stimuli, the base rates and the  speed instructions for subjects participating in multiple 

sessions.  Effects of base rates should be visible in the standard detection theory parameters, but 

the standard sensitivity measures such as d’ should be expected to confound sensitivity with the 

subjects’ attitudes about response speed.  The new measures, on the other hand, would ideally 

discriminate between true sensitivity and true bias effects even when the biases are due to 

speed/accuracy trade-offs. 

Method 
 
Subjects 

Four subjects each completed ten one-hour sessions and were compensated at the rate of 

$7.00 per session.  All subjects reported normal or corrected-to-normal vision. 

Apparatus 

A personal computer presented visual stimuli in a Microsoft Windows environment.  

Stimuli were displayed on a color monitor (17” diagonal, 1024x768 resolution) and responses 

were given using a standard 2-button mouse. 

Stimuli 

The visual stimuli were green rectangles that varied in both height and width.  The width 

of the rectangle was a uniform random variable across the range (1.5 cm, 4.6 cm).  The height of 

the rectangle was 2.1 cm, 2.2 cm, or 2.3 cm depending upon the experimental condition.  
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Procedure 

Subjects were seated approximately 30 cm from the computer screen.  Each trial 

consisted of a rectangle stimulus presented for 500 ms in a random location within the left half of 

the experimental interface, as illustrated in Figure 6.  Subjects were asked to identify the height 

of the stimulus as “Height A” or “Height B” and provide a confidence rating for each response 

by clicking on one of the arcs located in the right half of the interface.   

----------------------------------------------------------- 
Insert Figure 6 about here 

----------------------------------------------------------- 

Each experimental session was separated into four blocks of 12 minutes each. At the 

beginning of each block, the subject was shown an orientation screen that included examples of 

the rectangle heights as well as specialized response instructions to be followed when completing 

the upcoming block.  Two of the blocks corresponded to the “Easy” condition, in which 

rectangle heights of 2.1 and 2.3 cm were used, while the heights in the “Hard” condition were 

2.1 and 2.2 cm.  In addition, subjects were given “Speed” instructions in two of the blocks, and 

“Accuracy” instructions in the remaining two blocks.  In the Speed condition subjects were told 

to focus upon responding as quickly as possible while still retaining a reasonable level of 

accuracy, while in the Accuracy condition subjects were told to take as much time as necessary 

to ensure the most accurate response possible.  The presentation probabilities of the rectangle 

heights were also varied across experimental session.  The base rates for the rectangle heights 

were equal in Sessions 1 – 5 (the “50/50” condition), while the presentation probability of Height 

B was three times larger than that of Height A in Sessions 6 – 10 (the “25/75” condition).  This 

resulted in a 2 X 2 X 2 (Base rate X Difficulty X Instructions) within-subjects design.   
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Each trial began with a click of the ‘Start’ button, after which a rectangle was presented 

for 500 ms. The experimental program repositioned the mouse pointer at a point equidistant from 

all points along the inside edge of the response arc (see Figure 6).  Subjects responded by 

clicking within the left arc to indicate ‘Height A’ or within the right arc to indicate ‘Height B’.  

Participants were allowed to respond any time after the onset of the stimulus.  A click near the 

top ends of the arcs corresponded to a high confidence response, and a click near the bottom ends 

indicated low subjective confidence.  As the mouse pointer was moved to a point equidistant 

from all points along the arcs before the response phase of the experimental trial, movement time 

was equalized for all possible responses and confidence ratings.  The experimental program 

recorded the response, reaction time, and subjective confidence of the participant in each trial.   

The participant was then given a chance to change their initial response.  If the participant 

chose to continue, one of several types of feedback was presented.  In both the Speed and 

Accuracy conditions, participants were told whether their response was correct or incorrect.  

Participants were given additional positive feedback in the Speed condition for RTs less than 1.5 

s, or additional negative feedback for RTs greater than 1.5 s.  The participant then clicked the 

‘Start’ button to proceed to the next trial.  Collapsed across participants, a minimum of 4,630 

trials were completed in each condition. Trials in which the participant elected to change their 

response were marked as bad trials and discarded, resulting in the removal of 120 out of a total 

of 39,540 trials.   

Results 

 Overall percent correct, mean RT and the estimated model parameters are given in Table 

1.  As expected, hit and false alarm rates covaried with the signal rate and, with one exception 

(unequal base rates, hard condition), speed instructions had the effect of substantially decreasing 
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mean RT and overall percent correct.  While d’ estimates varied with the Difficulty manipulation 

as expected, they were also clearly affected by the Speed/Accuracy manipulation.  Specifically, 

speed instructions resulted in lower d’ scores.  The DST sensitivity measure d, on the other hand, 

changed substantially only under true difficulty manipulations.  Both measures suggest an 

increase in sensitivity in the unequal base rate condition, which is not surprising given that this 

condition was run second and therefore the subjects were more practiced.  

----------------------------------------------------------- 
Insert Table 1 about here 

----------------------------------------------------------- 

Results of the bias and suboptimality tests on the subjects’ confidence rating responses 

are shown in Figure 7.  Consistent with previous studies, subjects’ decision rules were unbiased 

in both the equal and unequal base rate conditions and therefore suboptimal in the unequal 

condition.  The effect of base rates on the hit and false alarm rates appears to be due to the 

stopping rule bias, not to decision rule bias.  Overall, the new measures appear to work well, 

distinguishing biases in the stopping rule from bias in the decision rule and effects of speed-

accuracy trade-offs from sensitivity effects. 

----------------------------------------------------------- 
Insert Figure 7 about here 

----------------------------------------------------------- 

General Discussion 

The purpose of this article was to present a dynamic version of signal detection (DST) 

theory as an extension of the traditional static signal detection theory (SDT). The proposed 

theory is not new; on the contrary, it is based on a long history of previous theory and 

experimentation started by Laming (1968), Link and Heath (1975), Ratcliff (1978) and others.  

The purpose of this article was to present DST in a manner that will be of practical use to human 
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factors researchers and to illustrate its advantages over the popular but apparently incomplete 

SDT structure.  

DST provides three parameter estimates: the first two are detectability and bias measures 

similar to those used in SDT, but the third is a threshold bound which is required to account for 

speed accuracy trade off effects. Simple methods were presented for estimating the three 

parameters of DST, which are summarized by Equations 11 through 14. These equations make it 

simple to compute sensitivity, bias, and thresholds on a hand calculator.   

The main advantage of DST over SDT is that it provides a theoretical basis for separating 

out detectability per unit time, a pure measure of the sensory system, from the sample size 

selected to make the decision, which is under the strategic control of the decision maker, and 

therefore just as susceptible to bias as the decision rule. Traditional measures of SDT leave these 

two factors confounded. Given the prevalent nature of speed-accuracy effects in detection 

research, we believe that it is important to consider replacing the old estimation methods based 

on SDT with the new estimates based on DST.   

Furthermore, we demonstrated that the measurements of bias produced by DST do not 

necessarily agree with those obtained from SDT. More specifically, if data are generated from 

DST, then the estimates of bias produced by SDT will be confounded by discriminability.  

Finally, we discussed how DST provides an answer to puzzling data obtained from confidence 

ratings, which violate traditional assumptions of SDT. 

For practical purposes, our presentation of DST emphasized simple estimation methods 

based on hits, false alarm rates and mean response times, which are easily available in applied 

research. However, much more rigorous methods of parameter estimation and model testing are 

possible using the complete response time frequency distributions for signal and noise trials. In 
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this case, maximum likelihood methods can be used to estimate parameters, and log likelihood 

ratio methods can be performed to test model assumptions (see Ratcliff, in press). Clearly, these 

more advanced techniques will provide superior estimates and better tests of the model. 

However, in applied research, it is not always possible to obtain sufficient number of data points 

to obtain adequate estimates of frequency distributions, and in these cases, the proposed methods 

provide a practical alternative. 
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Appendix 
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For large values of d or θ, the last expression can be approximated by db. 
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The formula for computing d from the mean response time is derived next. First, recall that  

)(
]|[
]|[

ln bd
nRP
sRP

x
s

s −⋅== θ  

)(
]|[
]|[

ln bd
nRP
sRP

y
s

s +⋅== θ  

and 

 E[ DT ] =  2⋅k⋅{ Pr[Rs](θ-b) - Pr[Rn](θ+b) } / d . 

Multiplying both sides of the above equa tion by 1 = (d/d) produces  

 E[ DT ] =  2⋅k⋅{ Pr[Rs]d(θ-b) - Pr[Rn]d(θ+b) } / d2     

substituting x and y yields 

E[ DT ] =  2⋅k⋅{ Pr[Rs]x - Pr[Rn]y } / d2 . 

If ps denotes the proportion of signal trials, and pn denotes the proportion of noise trials, then the 

mean response time, pooled over signal (ds = +d) and noise (dn = -d) trials can be computed as 

follows: 

E[DT] = 2k{ Pr[ Rs | s]⋅ps ⋅x - Pr[ Rn | s]⋅ps⋅y - Pr[ Rs | n]⋅pn ⋅x + Pr[ Rn | n]⋅pn⋅y}/d2 

if we define the coordinate  

w = { Pr[ Rs | s]⋅ps ⋅x - Pr[ Rn | s]⋅ps⋅y - Pr[ Rs | n]⋅pn⋅x + Pr[ Rn | n]⋅pn⋅y} 

then E[DT] = 2kw/d2, and solving for produces 
][

2
DTE
kw

d = . 

Setting the arbitrary time unit, k = 1, then simplifies to 
][

2
DTE
w

d =  

Equation 16 follows a similar argument. Define E[DT | Speed ] as the mean decision time 

observed under trials stressing speed, and define E[DT | Accuracy] as the mean decision time 
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observed under trials stressing accuracy. Similarly, define wAccuracy as the coordinate w computed 

under the accuracy condition, and likewise wSpeed is the coordinate w computed under the speed 

condition. Then it follows from Equation 10 that   

E[DT | Accuracy] - E[DT | Speed ]  

= 2kwAccuracy /d2 - 2kwSpeed /d2  

 = 2k(wAccuracy - wSpeed )/d2 .  

Finally this implies  

]|[]|[
)(2
SpeedDTEAccuracyDTE

wwk
d SpeedAccuracy

−
−⋅⋅

=     (17) 
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Table 1.  Means and parameter estimates for the speed/accuracy experiment. 
 

Difficulty Base 
Rate 

Instructions P(correct) Mean 
RT (s) 

d’ ln(ß) ? d 

Easy 50/50 Speed 0.82 1.20 1.82 0.03 1.19 1.26 

  Accuracy 0.86 1.38 2.14 0.04 1.32 1.37 

 25/75 Speed 0.89 1.15 2.26 0.40 1.28 1.51 

  Accuracy 0.91 1.35 2.51 0.41 1.42 1.53 

Hard 50/50 Speed 0.67 1.21 0.87 -0.18 1.13 0.62 

  Accuracy 0.68 1.43 0.96 -0.14 1.23 0.63 

 25/75 Speed 0.73 1.19 0.98 0.39 1.15 0.69 

  Accuracy 0.74 1.39 1.02 0.51 1.27 0.66 
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Figure 1.  Evidence accumulation and the stopping rule in a dynamic model. 

 

Figure 2. Illustration of the effects of speed-accuracy trade-offs on the sensitivity measures of 

signal detection theory (upper panel) and on percent correct.   

 

Figure 3. Illustration of the effects of varying sensitivity per observation while holding stopping 

rule biases constant on the bias measure of signal detection theory.  Changes in sensitivity are 

confounded with changes in bias. 

 
Figure 4.  Effects of the motor response time component on the per observation sensitivity 

estimate d.  The vertical axis represents the estimate of discriminability contaminated by motor 

time, and the horizontal axis represents the proportion of the mean response time contributed by 

the motor time.   

 
Figure 5. The classical signal detection theory model of sensitivity and bias in a  
 
yes-no discrimination task. 
 

Figure 6. The experiment interface.  Stimuli were presented within the rectangular region to the 

left of the response arcs.  Participants entered responses by clicking the mouse at a position along 

the arc to indicate the response (A or B) as well as the confidence rating (from Low to High). 

 

Figure 7.  Results of the bias and suboptimality tests for the empirical data.  Panels (a) and (b) 

represent the bias test for the 25/75 and 50/50 conditions, respectively.  The Log Likelihood ratio 

functions for both base rate conditions cross the value zero between the lowest confidence A and 
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B responses, indicating that subjects are employing an unbiased decision rule.  Graphs (c) and 

(d) represent the suboptimality test for the 25/75 and 50/50 conditions, respectively.  Several of 

the confidence regions in the 25/75 conditions fall below 50% correct, indicating a suboptimal 

decision rule.  Performance in the 50/50 conditions is above 50% correct for all confidence 

ratings in all conditions, indicating an optimal decision rule.  
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Figure 1.  Evidence accumulation and the stopping rule in a dynamic model. 
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Figure 2. Illustration of the effects of speed-accuracy trade-offs on the sensitivity measures of 

signal detection theory (upper panel) and on percent correct.   
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Figure 3. Illustration of the effects of varying sensitivity per observation while holding stopping 

rule biases constant on the bias measure of signal detection theory.  Changes in sensitivity are 

confounded with changes in bias.  
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Figure 4.  Effects of the motor response time component on the per observation sensitivity 

estimate d.  The vertical axis represents the estimate of discriminability contaminated by motor 

time, and the horizontal axis represents the proportion of the mean response time contributed by 

the motor time.   
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Figure 5. The classical signal detection theory model of sensitivity and bias in a  
 
yes-no discrimination task. 
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Figure 6. The experiment interface.  Stimuli were presented within the rectangular region to the 

left of the response arcs.  Participants entered responses by clicking the mouse at a position along 

the arc to indicate the response (A or B) as well as the confidence rating (from Low to High). 
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Figure 7.  Results of the bias and suboptimality tests for the empirical data.  Panels (a) and (b) 
represent the bias test for the 25/75 and 50/50 conditions, respectively.  The Log Likelihood ratio 
functions for both base rate conditions cross the value zero between the lowest confidence A and 
B responses, indicating that subjects are employing an unbiased decision rule.  Graphs (c) and 
(d) represent the suboptimality test for the 25/75 and 50/50 conditions, respectively.  Several of 
the confidence regions in the 25/75 conditions fall below 50% correct, indicating a suboptimal 
decision rule.  Performance in the 50/50 conditions is above 50% correct for all confidence 
ratings in all conditions, indicating an optimal decision rule.  
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