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Abstract

Models of decision making differ in how they treat early evidence as it recedes 

in time. The standard models, such as the drift diffusion model, assume that evi-

dence is gradually accumulated until it reaches a boundary and a decision is initi-

ated. One recent model, the urgency gating model, proposed that decision making 

does not require the accumulation of evidence at all. Instead, accumulation could 

be replaced by a simple urgency factor that scales with time. To distinguish between 

these fundamentally different accounts of decision making, we performed an ex-

periment in which we manipulated the presence, duration, and valence of early 

evidence. We simulated the associated response time and error rate predictions 

from the drift diffusion model and the urgency gating model, fitting the models to 

the empirical data. The drift diffusion model predicts that variations in evidence 

presented early in the trial affect decisions later in that same trial. The urgency gat-

ing model predicts that none of these variations will have any effect. The behavioral 

data show clear effects of early evidence on the subsequent decisions in a manner 

consistent with the drift diffusion model. Our results cannot be explained by the 

urgency gating model, and provide support for an evidence accumulation account 

of perceptual decision making.
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Introduction

All across the animal kingdom, survival directly depends on the adequacy of de-

cision making under time pressure. For instance, animals often need to judge in a split 

second whether an approaching object is either predator or prey. Mistaking preda-

tor for prey is costly, and hence it pays to analyze as much perceptual information 

as possible. On the other hand, the analysis of perceptual information takes valua-

ble time – a correct classification (i.e., “yes, this is definitely a predator”) is not 

worth much when one is in the process of being devoured. Hence, perceptual deci-

sion making involves a tradeoff between speed and accuracy, and every decision is 

therefore determined by at least two factors: the quality of information that has 

been collected and the level of caution displayed by the decision maker. 

In order to understand and quantify the latent processes that drive simple deci-

sions, several mathematical models have been formulated (Brown & Heathcote, 

2008; Cisek, Puskas, & El-Murr, 2009; Ratcliff, 1978; Usher & McClelland, 2001). 

These models provide a formal account of how a decision is generated. In such 

models, evidence (such as perceptual information) is collected until a certain 

threshold is reached, indicating that there is enough confidence to commit to a par-

ticular alternative. Such accumulation models have proven to be instrumental in 

interpreting electrophysiological data related to the decision process (Churchland 

et al., 2011; Drugowitsch, Moreno-Bote, Churchland, Shadlen, & Pouget, 2012; 

Gold & Shadlen, 2007; Rangel & Hare, 2010). In addition to providing a framework 

for the interpretation of neuroscientific findings, the ability to estimate model pa-

rameters on an individual level also provides a powerful analysis tool for the study 

of both behavior and its neural correlates, at both the group level, the individual 

level, or even the single trial level (Forstmann et al., 2010; Mansfield et al., 2011; 

Philiastides et al., 2011; Wenzlaff et al., 2011; van Maanen et al., 2011; Mulder et 

al., 2012; Winkel et al., 2012). Importantly, these models vary in a number of ways, 

including the influence of early evidence on later decisions. When there are funda-



48

mental differences between the models, it is of great relevance to determine which 

model correctly represents the processes underlying decisions.

In most models of decision making, evidence is collected until it reaches a deci-

sion threshold, at which time a decision has been made. Sequential sampling mod-

els, such as the drift diffusion model (DDM; Ratcliff, 1978) or the linear ballistic ac-

cumulator model (LBA; Brown and Heathcote, 2008) propose that all evidence is 

retained to inform the decision. The leaky competing accumulator model (Teodor-

escu & Usher, 2013; Usher & McClelland, 2001) includes a leak factor that causes 

early activation to decay over time. Another class of models implements a decision 

boundary that decreases with processing time (Ditterich, 2006; Drugowitsch et al., 

2012). Despite their diversity, these models all share one assumption: evidence is 

accumulated over time.

In stark contrast to such sequential sampling models, however, one recent mod-

el proposed that evidence need not be retained at all, but rather that the accumula-

tion of evidence can be replaced entirely by an urgency factor. This urgency factor 

simply represents the increasing time pressure as the trial progresses, and it scales 

linearly with time (Cisek et al., 2009; see Equation 2 in the methods section). Cisek 

et al. point out that under conditions where evidence presentation is constant, 

a model with a multiplicative gain factor that increases linearly with time (i.e., an 

urgency factor) is mathematically equivalent to a model where a constant level of 

evidence accumulates over time. From their behavioral data, Cisek et al. propose 

that this urgency gating model (UGM) can better account for the way decisions are 

made than various implementations of the DDM. The removal of the evidence ac-

cumulation process provides a fundamentally different account of decision making. 

The difference between the models can be clearly seen when evidence presenta-

tion is not constant during a trial. In that situation, the UGM and DDM predict dif-

ferent behavior. Most importantly, the DDM predicts that early evidence also af-

fects later decisions, while the UGM predicts that early evidence is ignored if it is 
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Figure 1: Three ways to model decision processes.
This figure illustrates the difference between modeling decision making as an urgency process, 
accumulation with incoming boundaries, or simple accumulation to a static boundary. The black and 
dark gray traces show the level of evidence each model represents during two sample trials. In the 
‘normal’ trace (black) evidence is directed upwards continually. In the ‘down up’ trace (dark gray) 
evidence is first directed downwards, and then upwards. When the level of evidence meets the (light 
gray) decision threshold, a decision is made. The Urgency Gating Model has no accumulation factor, 
and is driven by urgency only. The incoming boundary model has both an accumulation and an urgency 
factor. The Drift Diffusion Model has no urgency factor, and is driven by accumulation only. For ease of 
comparison, we have visualized the gain parameter of the UGM as a decrease with time of the decision 
boundary. In the UGM, a decision is initiated when tN ³ a  (where N is the normal distribution 
representing the evidence, t is time, and a is threshold). With an incoming decision boundary, a 
decision is made when N ³ a/t, which is identical (also see Drugowitsch et al., 2012). Note that the 
‘down up’ trace in the left panel is shifted slightly to allow the overlapping traces to both be visible.

not immediately acted upon. This is illustrated in Figure 1, which shows how con-

stant or conflicting evidence is processed by the DDM, the UGM, and an accumula-

tion model with incoming boundaries. 

In contrast to the UGM assumption, previous experiments with monkeys have 

shown that early evidence can have profound effects on later decisions. In one ex-

periment, a noisy stimulus was presented continuously (i.e. without obviously dis-

crete trials) to each of two monkeys. A 100ms burst of coherently moving dots was 

presented prior to the main motion stimulus, influencing the monkeys’ decisions 

200 to 800 ms later (Huk & Shadlen, 2005). In another experiment, two monkeys 

had to withhold their response during stimulus presentation, and coherent motion 

was present either at the beginning or the end of the presentation period. The re-

sults showed that motion energy early in the trial contributed more strongly to-

wards the decision than motion energy late in the trial (Kiani, Hanks, & Shadlen, 

2008). The substantial impact of early motion energy is consistent with integration 
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models of decision making and goes against leak-dominant models of decision mak-

ing in which the contribution of early evidence wanes as time progresses.

We designed an experiment to test the different predictions made by the DDM 

and the UGM, allowing us to adjudicate between these two qualitatively different 

models of decision making. We use a behavioral paradigm where the amount of 

evidence changes over time, much like in the experiment by Cisek et al. (2009)(also 

see Tsetsos et al., 2011, 2012a, 2012b). One important difference is that previously 

presented evidence does not remain visible throughout the trial. Using this experi-

ment, we directly test the predictions that early evidence is incorporated in the 

later decision (DDM), or that it is dismissed (UGM).

Materials and methods

Participants

Twenty-two healthy participants (18 female, mean age =28.14, SD=10.34) per-

formed a calibration test and a random-dot-motion experiment during a single be-

havioral session. Three participants did not meet our inclusion criteria (i.e., >80% 

correct in the calibration task and <10% nonresponsive trials in the main task), and 

were excluded from further analyses. The experiment was approved by the local 

ethics committee of the University of Amsterdam. Participants were recruited from 

the University of Amsterdam student population and received either a monetary 

dispensation or research participation credits. Participants had normal or corrected 

to normal vision and did not have a history of neurological or psychiatric disorders, 

as assessed through self-report.

Stimuli

The experiment began with a calibration session to estimate each participant’s 

sensitivity to the stimulus. This estimate determined the coherence (i.e., percent-

age of dots moving coherently) used in the experiment. Specifically, the coherence 
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in the experiment was set so that it corresponded with an 80% accuracy level in the 

calibration session (as interpolated from the psychometric curve produced by the 

proportional-rate diffusion model; Mulder et al., 2012; Palmer, Huk, & Shadlen, 

2005). The calibration session was performed on a MacBookPro (version 7.1, Ap-

ple), using custom software as well as the Psychophysics toolbox for Matlab (version 

2007B, MathWorks). The actual behavioral task was a custom script implemented 

using Presentation (Neurobehavioral Systems), and was presented on an LCD moni-

tor with a 60Hz refresh rate. In this task, participants applied continuous light pres-

sure to two custom built force sensors with their thumbs (van Campen et al., in 

press). Whenever participants released this baseline pressure, the experiment was 

paused. Responses were made by increasing the pressure on the thumb corre-

sponding to the direction in which motion was perceived. 

In the experiment (but not in the calibration session), we manipulated the course 

of evidence presentation within a trial, varying the presence or absence of early and 

late evidence, the correspondence of direction between the early and the late evi-

dence, and the length of the early evidence. When early evidence was presented, 

this lasted either 67 ms (short) or 117 ms (long), followed by a period with 0% co-

herence, the length of which was either 133 ms or 83 ms, chosen in such a way that 

the early evidence and the 0% coherence sections always summed to 200 ms. When 

both early and late evidence was presented, the late evidence could be in the same 

direction or in the opposite direction as the early evidence. This resulted in 9 differ-

ent trial types. These trial types are described in full in Table 1, and the time course 

of stimulus presentation is illustrated in Figure 2.
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Table 1. Mean response times and error rates across trial types.
This table describes the different trial types and shows participants’ mean response time for correct 
decisions, as well as their error rate, for each of these trial types. The trial types are ordered by the 
total level of evidence presented. 

Summary statistics across trial types

Trial 
type

Early Evidence 
(0-200 ms)

Late evidence 
(200-2000 ms)

Correct 
RT (SD)

Error
 Rate (SD)

1 0 ms Absent 1283 (97) .50 (.08)
2 67 ms Absent 1268 (88) .45 (.06)
3 117 ms Absent 1257 (75) .43 (.07)
4 117 ms Opposite 1231 (68) .19 (.08)
5 67 ms Opposite 1228 (60) .17 (.08)
6 0 ms Present 1220 (66) .16 (.08)
7 67 ms Same 1184 (75) .12 (.07)
8 117 ms Same 1187 (70) .12 (.08)
9 200 ms Same 1156 (67) .09 (.06)

Figure 2. Time course of evidence presentation per trial type.
This figure schematically illustrates how the presentation of evidence was varied between the 9 
different trial types. The top row shows the trial types without late information (1-3), while the next 
two rows show the trial types with late information (4-9). Note that the x-axis is discontinuous, greatly 
shortening the visual representation of the late evidence. 
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The experiment featured a total of 1000 trials. Each trial was preceded by a 250 ms inter 

trial interval, during which a fixation cross was presented. During the trial, a random dot 

motion stimulus was presented for 2000 ms, or until the participant responded. Following 

the stimulus, a feedback message was presented for 500 ms. This feedback read ‘too fast’ 

for RTs < 200 ms, and ‘too slow’ for RTs > 1750 ms. If no response was given after 2000 ms 

following stimulus onset, participants received the feedback ‘no response’. Otherwise, the 

feedback message read ‘correct’ or ‘incorrect’. In trials where late evidence was present, 

this feedback was determined based on the late evidence. In trials without late evidence, 

the feedback was determined randomly, while the accuracy of the response was determined 

based on the early evidence for analysis purposes.

Participants were not informed that the evidence might change over the course of a tri-

al. Following the experiment, we asked participants whether they had noticed a change in 

motion direction. The binary outcome of this exit interview was included as a between-

subjects factor in the statistical analyses.

Modeling

In order to show how the DDM and the UGM provide different predictions for 

within-trial variation of evidence, we fitted both models to the behavioral data (Fig-

ure 3). We produced trials from the 'pure DDM', that is, a DDM without trial-to-trial 

variability in model parameters (Laming, 1968; Bogacz et al., 2006, see Equation 1) 

and the UGM without temporal filtering (Cisek et al., 2009, see Equation 2). 

In these functions, x represents the current state of the decision variable, t is 
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time, the perceptual signal is drawn from input vector m(t) and the noise c is drawn 

from a normal distribution with a mean of 0 and standard deviation s. The input 

vector varies with time in a manner dependent on the trial type. In the DDM, the 

starting evidence x(0) is set to A/2, so that there is no initial bias for one response 

over the other. A decision is initiated when x £ 0 or x ³ A. The RT of the response 

corresponding to that decision is the value of t at the time the decision is initiated, 

plus a nodecision time t0. We used a Dt of .001, corresponding to a time step size of 

1 ms. We produced 9 different input vectors, of which the timing and valence cor-

responded to those of the trial types used in the behavioral experiment. A SIMPLEX 

minimization routine (Nelder & Mead, 1965) was used to minimize the root mean 

square error (RMSE) of the model predictions’ mean RTs per trial type and those of 

the behavioral data. While the models were fit to the mean RT values of the differ-

ent trial types, we let the models produce the corresponding accuracy levels freely.

We constrained the models in two ways. Models that produced >15% RTs >2000 

ms were penalized by assigning an RMSE value of 1010 ms, as were models that pro-

duced >5% DTs <117 ms. 

The complete R code for our simulations and fits is available as supplementary 

material to this paper.

Analyses

We performed four repeated measures ANOVAs. We separately analyzed RT and 

ER as dependent measures, while using trial type as a within-subject factor. This 

was repeated separately for the three trial types without late evidence, and for the 

six trial types with late evidence. Consistent with our modeling outcomes (see re-

sults - modeling, below), we included a polynomial contrast to estimate the linear 

component of trial type, ordered by the total amount of evidence presented. In ad-

dition, we performed the same analyses separately on the three trial types with no 

late evidence (where only noise is presented in the later part of the stimulus), and 



55

Chapter 3

on the six trial types with late evidence (where the later part of the stimulus con-

tained coherent motion). In all these analyses we report degrees of freedom and p 

values following Greenhouse-Geisser correction for nonsphericity. 

Results

Modeling

The DDM provided a better fit to the data (RMSE=15 ms) than the UGM did 

(RMSE=23 ms). More importantly, the DDM matches the qualitative pattern across 

trial types, which the UGM does not (see Figure 3). While both models predict dif-

ferences between the trial types with and without late evidence, the DDM predicts 

an effect of the presence, duration, and direction of the early evidence, which the 

UGM does not.

Behavioral data

As can be seen in the upper middle panel of Figure 3, RT continuously decreased 

as the trial types contained more consistent evidence. The analysis of the three 

trial types without late evidence showed no significant difference (main effect 

F(1,1.8)=2.0, p=.15, linear contrast F(1,1)=3.7, p=.07). The six trial types with late 

evidence still showed a continuous decrease in RT with increasing early evidence 

(F(1,2.7)=35.7, p<.001, linear contrast F(1,1)=164.6, p<.001), corresponding to the 

pattern predicted by the DDM.

Similar to RT, the bottom row of Figure 3 shows that error rates continuously 

decrease with increasing early evidence. This effect was found in the analysis of the 

three trial types without late evidence (main effect F(1,1.7)=4.4, p=.027, linear con-

trast F(1,1)=6.2, p=.022), as well as in the six trial types with late evidence (main 

effect F(1,3.4)=20.0, p<.001, linear contrast F(1,1)=50.6, p<.001), again correspond-

ing to the pattern predicted by the DDM. 
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Exit interview

Out of the 19 participants, 7 reported that they saw a change in motion direc-

tion. Including this measure of awareness as a between-subjects factor did not 

change the pattern of results. In addition, the awareness factor was not statistically 

significant in any analysis of RT or ER. The results reported above represent analyses 

including this factor.

Discussion

In this experiment we tested predictions from the drift diffusion model and the 

urgency gating model. The DDM assumes that evidence is accumulated over time. 

This leads to the prediction that increasing levels of early evidence cause later deci-

Figure 3. Predicted and measured RT and ER.
This figure shows the steady decrease in RT and error rate as trial types contain more evidence towards 
the correct response direction. The RT (top row) and error rate (bottom row) patterns are shown for 
the nine different trial types. The trial types without late evidence (filled circles) are plotted separately 
from those with late evidence (open circles). The X-axis represents the duration of the early evidence. 
If the early evidence points to the opposite direction from the late evidence (and thus from the correct 
response direction), it is given a negative value. The behavioral data are shown in the middle column, 
the DDM fits are in the left column, and the UGM fits in the right column. The error bars in the middle 
column correspond to the standard error of the mean.
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sions to be both faster and more accurate. The UGM assumes that evidence is not 

accumulated. The leads to the prediction that trial types that have the same late 

evidence should have the same speed and accuracy, regardless of the early informa-

tion. Our behavioral data clearly show that both speed and accuracy improve with 

the presence of early evidence. Consequently, specific predictions made by the 

UGM were falsified by our behavioral data. Our data are qualitatively consistent 

with those predicted by the DMM. Together with earlier findings that also show a strong 

influence of early evidence on later decisions (Huk & Shadlen, 2005; Kiani et al., 

2008), these findings strongly suggest that an accurate account of perceptual deci-

sion making requires the gradual accumulation of evidence.

What remains is to explain the findings in Cisek et al. (2009), suggesting that the 

UGM can account for the behavioral data better than the DDM. Critically, the para-

digm used in the Cisek et al. study (2009) differs from the paradigms commonly 

used in perceptual decision making (Roitman and Shadlen, 2002; Ruff et al., 2010; 

van Maanen et al., 2011; Mulder et al., 2012; Winkel et al., 2012; see Gold and 

Shadlen, 2007; Heekeren et al., 2008; Bogacz et al., 2010 for reviews) in an impor-

tant way. Specifically, in the Cisek et al. paradigm, all evidence presented remained 

visible throughout the entire trial, resulting in a stimulus that displays the integral 

of the presented evidence. This integral was then used as the 'current level of evi-

dence', which is provided as the input evidence to both the UGM and the DDM. By 

providing the models with the integral of the evidence, Cisek et al. effectively used 

the UGM as an accumulator model, with an added urgency term. While this is not 

problematic in itself, it does not support the claim that urgency can replace accu-

mulation, as originally proposed by Cisek et al. (2009). 

Since its original publication, the UGM has been adapted to account for more 

continuous evidence presentation (Thura, Beauregard-Racine, Fradet, & Cisek, 

2012). This adaptation no longer uses the level of current information directly, but 

rather it integrates the history of changes in evidence strength. Thus, the adapted 
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version of the model can predict behavior in a random dot motion task, because the 

accumulated changes in evidence strength can now be represented as the net mo-

tion direction, rather than a visibly represented number of dots. However, the re-

vised model still predicts that neither the duration, nor the valence of early evi-

dence should contribute to a later decision, if they do not directly lead to a decision. 

The behavioral findings published along with these model revisions do indeed lack 

any effect of the variation in early evidence, which is in direct contradiction with our 

current findings.

While the UGM proposes that all previous information is forgotten, other mod-

els such as the LCA propose that the represented evidence level gradually decays. 

Our data do not allow us to rule out the presence of a small leak. However, a large 

leak seems unlikely, considering that the first 67 ms of evidence have pronounced 

effects 1100 ms later. Both the optimal level of leak, and the level of leak exhibited 

by human participants vary depending on task contingencies (for instance, see Os-

smy et al., 2013).

Although our data showed that urgency cannot replace accumulation, we do not 

wish to deny that urgency can sometimes play an important role in decision making. 

It is quite possible that the constant decision threshold such as assumed by the 

DDM cannot accurately account for all observed data in decision making experi-

ments. Evidence for this notion comes from a time-variant effect of prior evidence 

(Hanks, Mazurek, Kiani, Hopp, & Shadlen, 2011; but see van Ravenzwaaij, Mulder, 

Tuerlinckx, & Wagenmakers, 2012). Ditterich (2006) also argues for a gain that in-

creases over time during the decision process. It is important to note that unlike 

Cisek et al. (2009), Ditterich does not propose to replace evidence accumulation 

with this gain. The model scales presented evidence with a gain factor that increas-

es over time, but it still accumulates resulting evidence in a manner similar to the 

DDM. The addition of an urgency factor makes sense from an optimal decision mak-

ing standpoint, if there is a cost associated with additional observation (Drugow-
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itsch et al., 2012). This optimality assumes that the quality of the incoming evidence 

is known. If it is unknown, the shape of the decision boundary should be deter-

mined by the quality of the evidence sampled so far (Deneve, 2012). Note that 

while all three of these models argue against a static decision boundary, they differ 

fundamentally from the UGM in that they supplement evidence accumulation with 

urgency, rather than replacing it. Incoming boundaries may be needed to explain 

why in Cisek et al. (2009) decisions were made at different total evidence levels 

(their Figure 7, column 3). Such incoming bounds are also consistent with findings 

of increased overall activation levels across groups of neurons with different re-

sponse selectivity (Churchland, Kiani, & Shadlen, 2008; Drugowitsch et al., 2012).

One reason why it is important to correctly formulate decision making models is 

that they help to assign a functional role to activity found in electrophysiological 

experiments (Gold & Shadlen, 2007; Rangel & Hare, 2010). One example of this 

concerns the seminal electrophysiological findings by Shadlen and Newsome 

(2001), demonstrating that during decision making, directionally sensitive neurons 

in the lateral intraparietal area of the macaque show a steady increase in firing to-

wards a fixed threshold (Roitman & Shadlen, 2002; Shadlen & Newsome, 2001). 

Cisek et al. (2009) interpret these finding not as representing an increasing level of 

gathered evidence, but rather as a static level of evidence combined with an in-

creasing level of urgency. This interpretation has since been acknowledged (Do-

menech & Dreher, 2010; Simen, 2012; van Vugt, Simen, Nystrom, Holmes, & Cohen, 

2012; Zhang, 2012) and supported (Rangel & Hare, 2010; Standage, You, Wang, & 

Dorris, 2011). The feasibility of such an interpretation has recently been tested by 

examining its predictions for the correlation and variance structure of the neural 

firing in area LIP rates across time (Churchland et al., 2011). As in the current paper, 

the results of that study are consistent with evidence accumulation, rather than a time 

dependent scaling of currently presented evidence.

An important future question is whether the addition of an urgency factor ac-
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counts for sufficient additional variance to warrant its inclusion. The answer to this 

question can be found using model comparison methods, and it may not univer-

sally apply to all tasks and participants. While an urgency factor is a plausible mech-

anism for decision making, its necessity may well depend on task parameters such 

as response deadlines, reward rates, and inter-trial intervals, as well as individual or 

species differences. There has recently been much discussion regarding the shape 

of the decision boundary. Studies provide conflicting answers, either suggesting 

that an additional urgency parameter is warranted (Drugowitsch et al., 2012), or 

that it is not (Milosavljevic, Malmaud, & Huth, 2010). While our experiment does 

not directly address that issue, it does demonstrate that urgency cannot replace 

accumulation when modeling decision making.
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