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Abstract 33 

Attention is thought to improve most aspects of perception. However, we recently showed that, 34 

somewhat surprisingly, endogenous attention can also lead to low subjective perceptual ratings 35 

(Rahnev et al., 2011). Here we investigated the neural basis of this effect and tested whether 36 

spontaneous fluctuations of the attentional state can lead to low confidence in one’s perceptual 37 

decision. We measured pre-stimulus functional magnetic resonance imaging activity in the dorsal 38 

attention network and used that activity as an index of the level of attention involved in a motion 39 

direction discrimination task. Extending our previous findings, we showed that low pre-stimulus 40 

activity in the dorsal attention network, which presumably reflected low level of attention, was 41 

associated with higher confidence ratings. These results were explained by a signal detection 42 

theoretic model in which lack of attention increases the trial-by-trial variability of the internal 43 

perceptual response. In line with the model, we also found that low pre-stimulus activity in the 44 

dorsal attention network was associated with higher trial-by-trial variability of post-stimulus 45 

peak activity in motion-sensitive region MT+. These findings support the notion that lack of 46 

attention may lead to liberal subjective perceptual biases, a phenomenon we call “inattentional 47 

inflation of subjective perception” (IISP).  48 

49 
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Introduction 50 

A large number of studies have clearly demonstrated that endogenous attention improves 51 

perception (for review see Carrasco, 2011). However, the exact relationship between the two can 52 

be fairly complex (Reynolds and Heeger, 2009). We recently showed that attention can lead to 53 

low subjective visibility ratings (Rahnev et al., 2011). This is in line with another study that 54 

demonstrated that attention can improve accuracy without influencing confidence (Wilimzig et 55 

al., 2008). Together, these studies suggest that accuracy can dissociate from confidence under 56 

attention. In Rahnev et al. (2011) we proposed a formal model that accounts for this effect. 57 

According to the model, lack of attention increases the variability of the internal perceptual 58 

response and confidence ratings are given using the same unified criteria for both attended and 59 

unattended stimuli (Figure 1). Thus, the “low attention” distributions are marked by high 60 

variability. This makes these distributions, as compared to the “high attention” distributions, 61 

extend further into the high confidence regions and thus producing more high confidence trials. 62 

 63 

Here we used fMRI to investigate the neural bases of the above effects (Rahnev et al., 2011). In 64 

particular, we tested whether spontaneous fluctuations of attention would lead to differential 65 

effects on accuracy and confidence ratings, as well as whether such effects would be 66 

accompanied by a decrease in variability of the perceptual signal (as predicted by our model). 67 

We measured the pre-stimulus BOLD activity in the dorsal attention network (Corbetta and 68 

Shulman, 2002) which is implicated in directed attention and working memory and is part of the 69 

task-positive system in the brain. The name “dorsal attention network” distinguishes it from the 70 

“ventral attention network” which is specialized for the detection of behaviorally relevant 71 

stimuli, particularly when they are salient or unexpected (Corbetta and Shulman, 2002). The 72 

fluctuations of BOLD activity in dorsal attention network have been investigated in a number of 73 
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previous resting-state studies (Fox et al., 2005, 2006, 2007; Sadaghiani et al., 2009, 2010) and 74 

have been theorized to reflect the attentional level of the subject (Eichele et al., 2008; Sapir et al., 75 

2005). As in previous studies (Hesselmann et al., 2008a,b; Sadaghiani et al., 2009), we focused 76 

on pre-stimulus activity in the dorsal attention network because it is not contaminated by 77 

stimulus related activity and reflects ongoing neural fluctuations. 78 

 79 

Based on our previous findings, we hypothesized that high pre-stimulus BOLD activity in the 80 

dorsal attention network would be associated with low confidence ratings and higher accuracy in 81 

the motion discrimination task. Further, we predicted that these effects would be accompanied by 82 

an increase in the variability of the perceptual signal as measured by the variance in the evoked 83 

responses in the motion sensitive region MT+. 84 

 85 

86 
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Methods 87 

Participants 88 

Fifteen volunteers (9 women; mean age = 22; range = 19-26 years) participated in the 89 

experiment. All subjects were naive regarding the purposes of the experiments, had normal or 90 

corrected-to-normal vision, and signed an informed-consent statement approved by the local 91 

ethics committee (CMO region Arnhem-Nijmegen, The Netherlands). 92 

 93 

Stimulus and Procedure 94 

In each trial (Figure 2), subjects were required to indicate the overall direction of motion of 95 

white dots (density = 2.4 dots/degree²; speed = 6 degrees/sec) presented inside a black annulus 96 

(outer circle radius = 10°; inner circle radius = 1°). The motion direction was either contracting 97 

or expanding. Incoherent dots moved randomly with the same speed as coherent dots. All dots 98 

had infinite lifetime: they were never removed from the screen during the motion presentation. A 99 

small fixation square was presented for the duration of the trial and subjects were required to 100 

maintain fixation on it. The stimuli were presented on gray background, and were generated 101 

using the Psychophysics Toolbox (Brainard, 1997) in MATLAB. 102 

 103 

We employed a sparse event-related design (Hesselmann et al., 2008a,b; Sadaghiani et al., 2009) 104 

where each trial began with 20-40 seconds of no motion stimuli. This period allowed for the 105 

blood-oxygenated level dependent (BOLD) signal to return to baseline after each trial. We then 106 

presented 100 ms of coherent motion and followed it with a “mask” of 400 ms of random 107 

motion. The masking was employed to increase task difficulty and to avoid retrospection based 108 

on iconic memory (Sperling, 1960). We elected to use motion stimuli because of ease of control 109 

of the stimulus properties and localization of the relevant brain regions. These have also been 110 
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used in previous studies of spontaneous fluctuations of BOLD activity (Hesselmann et al., 111 

2008a; Sapir et al., 2005). Subjects were required to indicate the direction of motion (expanding / 112 

contracting), and give a confidence rating with separate button presses made with their right 113 

hand. Confidence was judged on a 4-point scale, where 1 represented low and 4 represented high 114 

confidence. Subjects were instructed to use the scale as evenly as possible. Nevertheless, since 115 

some subjects had a bias toward using one side of the confidence scale, and in order to maximize 116 

power, we defined what constituted high and low confidence for each subject individually using 117 

a median split. Overall low confidence was defined as a rating of 1 or 2 for 9 subjects and as a 118 

rating of 1 for the other 6 subjects. If both button presses were not completed within 6 seconds, 119 

the trial was marked as unanswered and excluded from further analyses. Subjects completed 104 120 

trials separated in two scans of 52 trials. Each scan took about 26 minutes. After these two scans, 121 

we acquired a 307-volume “resting state” scan (Fox and Raichle, 2007) that took about 10 122 

minutes. 123 

 124 

Prior to the fMRI experiment, each subject took part in a one-hour training session on a separate 125 

day, in which the subject practiced 520 trials that were identical to the trials in the scanner but 126 

for a shorter ITI of 1-3 seconds. During the first half of the training session subjects were given 127 

trial-by-trial feedback. The feedback was discontinued during the second part of the training in 128 

order to prepare subjects for the experiment in the scanner environment. Based on the data from 129 

the training session, motion coherence levels were chosen for each subject to produce ~65% 130 

correct responses (mean motion coherence = 30.6%, SD = 27.5%). Just before the fMRI 131 

experiment, subjects practiced for additional 5 minutes (68 trials) to remind them of the task. 132 

 133 

 134 
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Behavioral analyses 135 

We analyzed our data to check for the existence of trial-to-trial contingencies. For each subject 136 

we investigated whether a correct or high confidence response on the current trial predicted 137 

correct or high confidence response on the subsequent trials. To do that, we estimated the 138 

proportion of correct and high confidence trials following correct, error, high confidence, and 139 

low confidence trials. We then compared these proportions for correct and error trials, as well as 140 

for high and low confidence trials. The comparison was done between subjects using a paired-141 

sample t-test.  142 

 143 

fMRI acquisition 144 

Images were acquired on a 3 Tesla Trio MRI system (Siemens, Erlangen, Germany). Functional 145 

images were acquired using a 32-channel coil, with a single shot gradient echo-planar imaging 146 

(EPI) sequence (repetition time: 1950 ms; echo time: 30 ms; 31 ascending slices; voxel size: 3 x 147 

3 x 3 mm; flip angle = 80 degrees; field of view = 192 mm). A high resolution anatomical image 148 

was acquired using a T1-weighted MP-RAGE sequence (repetition time: 2300 ms; echo time: 149 

3.03 ms; voxel size: 1 x 1 x 1 mm). 150 

 151 

fMRI preprocessing 152 

Analysis was performed using SPM5 (Wellcome Department of Imaging Neuroscience, London, 153 

UK). The first 6 volumes of each scan were discarded to allow for scanner equilibration. 154 

Preprocessing consisted of realignment through rigid-body registration to correct for head 155 

motion, slice timing correction to the onset of the first slice, co-registration of the functional and 156 

anatomical images, segmentation of the anatomical image, normalization to Montreal 157 

Neurological Institute (MNI) space using the grey matter image obtained from the segmentation, 158 
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interpolation of functional images to 2 x 2 x 2 mm, and smoothing with a Gaussian kernel with a 159 

full-width at half-maximum of 8 mm.  160 

 161 

Definition of brain networks 162 

We defined the attention, the default, and the alertness networks using a separate 10-minute 163 

resting state scan and employing seed-based analyses as in previous studies (Fox et al., 2005, 164 

2006; Sadaghiani et al., 2009, 2010). Briefly, using the MarsBaR toolbox for MATLAB, we 165 

extracted the time courses for the resting state scan for spheres with 10 mm radius. We used 166 

seeds in the right intraparietal sulcus (IPS; 27, -58, 49) for the attention network (Fox et al., 167 

2006; Sadaghiani et al., 2009), the posterior cingulate cortex (PCC; -5, -49, 40) for the default 168 

network (Fox et al., 2005; Sadaghiani et al., 2009), and dorsal ACC (dACC; 0, 15, 40) for the 169 

alertness network (Sadaghiani et al., 2010). Each time course was high-pass filtered (1/128 Hz), 170 

and the time courses for all grey matter voxels, all white matter voxels, and all cerebral spinal 171 

fluid (CSF) voxels were regressed out in a multiple regression (Sadaghiani et al., 2009). This 172 

step was similar to the “global signal regression” that is typically performed in such experiments 173 

(Fox et al., 2005) whereby the average signal from the whole brain is regressed out. This pre-174 

processing step is useful in that it removes BOLD activity from physiological (i.e., non-neuronal) 175 

origin (Fox et al., 2009) but it has been criticized for inducing artificial anti-correlations between 176 

networks (Anderson et al., 2011; Murphy et al., 2009). Nevertheless, the primary interest in this 177 

study was investigating the influence on behavior of the pre-stimulus activity in a specific 178 

network (the dorsal attention network) and thus we wanted to isolate its influence independent of 179 

physiological and other global influences. On the other hand, we were not concerned with 180 

potential anticorrelations that could result from this processing step. 181 

 182 
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The resulting time courses were used as regressors in separate general linear models (GLM) for 183 

each subject; the three networks were defined as the set of voxels correlated at p < 0.001 with the 184 

respective regressor. Each of the three networks was then combined at the second level. Each 185 

subject-specific network was a combination of that subject’s network masked with the 186 

corresponding group network.  187 

 188 

To test for the robustness of the findings, the dorsal attention network was alternatively 189 

identified using independent components analysis (ICA). We employed the GIFT toolbox 190 

(Calhoun et al., 2001) for MATLAB to extract the networks consistent across all subjects 191 

(Damoiseaux et al., 2006). We used the Infomax algorithm to find 16 components. The attention 192 

network was identified among these 16 components and was defined using a z-score threshold of 193 

1. The region MT+ was removed from the attention networks defined either using either seed-194 

based methods or ICA. 195 

 196 

Pre-stimulus activity analyses 197 

After the networks were defined for each subject, we analyzed the data from the first two runs in 198 

which subjects engaged in the motion discrimination task. We extracted time courses for each 199 

network using the MarsBaR toolbox (http://marsbar.sourceforge.net/) and regressed out nuisance 200 

variables such as head motion and global signal fluctuations as above. Pre-stimulus activity was 201 

defined as the average of the two volumes preceding the onset of the motion stimulus. We used 202 

paired sample t-tests and repeated measures ANOVAs to test whether pre-stimulus activity 203 

differed significantly between high and low confidence trials, as well as between correct and 204 

incorrect trials. Even though we tested for the effects in three different networks (see above), we 205 
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did not correct for multiple comparisons because our main hypothesis was about the effects in 206 

the dorsal attention network, and the other networks were just included for completeness. 207 

 208 

We also investigated whether pre-stimulus activity in the dorsal attention system influenced the 209 

variability in MT+. For each subject, we categorized trials as either having low or high pre-stim 210 

dorsal attention network activity if the pre-stimulus activity in the network was lower or higher 211 

than the average activity for that subject. We then computed the Fano factor of the MT+ evoked 212 

activity for these two types of trials. The evoked activity was defined as the maximum BOLD 213 

activity of the 3 scans that had highest activity on average (across all subjects and all trials). The 214 

Fano factor was defined as the variance divided by the mean for the evoked activity for each of 215 

the two types of trials for each subject (Carandini, 2004; Churchland et al., 2010; Gur et al., 216 

1997). 217 

 218 

MT+ localizer 219 

We identified MT+ using a separate localizer scan after the main experiment and the resting state 220 

scan. Sixty blocks of moving dots (block duration of 16 s) were alternated with 10 blocks of 221 

stationary dots (block duration of 16 s), resulting in ~19 min scan duration. Motion-sensitive 222 

areas were obtained using the contrast moving dots > stationary dots. Local maxima near the 223 

ascending limb of the inferior temporal sulcus were defined bilaterally and combined to form 224 

area MT+ separately for each subject (Hesselmann et al., 2008a). MT+ defined in this was used 225 

as a region of interest (ROI) in a separate GLM analysis (see below). 226 

 227 

Standard GLM analysis 228 
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Regressors for the first-level analysis of evoked activity were obtained by convolving the unit 229 

impulse time series for each condition with the canonical hemodynamic response function. The 230 

motion stimulus was modeled with duration of 500 ms. Our model included 4 regressors, 231 

reflecting the combination of 2 levels of accuracy (correct/error), and 2 levels of confidence 232 

(high/low). We included 12 nuisance regressors related to head motion: three regressors related 233 

to translation and three regressors related to rotation of the head, as well as their derivatives 234 

(Lund et al., 2005). 235 

 236 

Simulations 237 

We performed simple computer simulations in order to investigate whether our model (Figure 1) 238 

can provide an adequate explanation of the results, especially given that we did not observe a 239 

statistically significant effect of pre-stimulus BOLD signal in the dorsal attention network on 240 

motion discrimination accuracy (see Results). The main idea of the model is that attention 241 

decreases the variability of the perceptual signal. We implemented this intuition in the equations 242 

below. We formalized that: 243 

 244 

S(t) = E(t) + NP(t, A(t)) 245 

 246 

where S is the evidence available to the perceptual system, E is the evidence present in the 247 

stimulus, NP is the amount of physiological noise inherent in the system, A is the level of 248 

attention in the current trial, and t indicates the trial. The pre-stimulus BOLD signal in the dorsal 249 

attention network was modeled as: 250 

 251 

B(t) = eA * A(t) + NB(t) 252 
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 253 

where B is the BOLD signal, NB is the noise present in the BOLD signal, and eA controls the 254 

effect of attention on the BOLD signal. 255 

 256 

We modeled the level of attention present in each trial (A) using a uniform distribution in the 257 

interval (0, 1). The evidence present on each trial (E) was sampled from a normal distribution 258 

with a mean μE and standard deviation σE in order to reflect the fluctuations in the presentation of 259 

the random dot motion. NP and NB were modeled as Gaussian distributions with means μP and 260 

μB, and standard deviations σP and σB, respectively. Since the absolute amount of evidence was 261 

not of interest, μE was set to 1 and μP was set to 0. For simplicity we assumed a linear influence 262 

of attention on the decrease of variability in the perceptual signal and therefore modeled σP as σP 263 

= m – d*A, where, m is the mean value of the noise in NP while d controls the degree of 264 

attentional decrease of the variability in NP. Finally, since the random variables E and NP are 265 

both normally distributed, their sum will also be normally distributed and have a standard 266 

deviation that is the sum of the standard deviations of E and NP. Therefore, rather than fitting σP 267 

and σE separately, we fit only their sum. 268 

 269 

The perceptual decision was made by comparing S(t) to 0: positive values indicated correct 270 

responses, while non-positive values were coded as incorrect response. On the other hand, 271 

confidence was determined by comparing S(t) to a set of criteria (c1, c2). High confidence ratings 272 

were given if S(t) < c1 or if S(t) > c2. Because of lack of significant bias for expanding or 273 

contracting motion in our experiment, for simplicity c1 was set to –c2. Thus, the set of confidence 274 

criteria we used was (–c, c). 275 

 276 
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We fitted the above equations with the average data from all 15 participants using a simulated 277 

annealing procedure (Kirkpatrick et al., 1983). Each iteration of the fitting procedure generated 278 

1,500,000 trials (roughly corresponding to 1000 times the data from our experiment) based on 279 

the current values of the parameters. The fitting function attempted to minimize the error in 280 

overall percent of correct answers, overall confidence, the mean pre-stimulus BOLD activity for 281 

all high confidence, low confidence, correct, and error trials. To test for the robustness of our 282 

findings, the fitting was done four different times using different starting values for the 283 

parameters. We varied the starting values of the parameters in order to avoid getting “stuck” in 284 

local minima. Each of the four fits provided a good fit to the data. Here we report the results 285 

from the first fit which produced the best match to the observed values; the results of the other 286 

fits were consistent with the best one. Using the parameters from the best fit, we generated 287 

10,000 experiments that consisted of 15 subjects each completing 100 trials (15,000,000 trials 288 

total) and checked the power to detect significant effects on confidence and accuracy. 289 

 at R
adboud U

niv N
ijm

egen on July 29, 2012
http://jn.physiology.org/

D
ow

nloaded from
 

http://jn.physiology.org/


 

 14

Results 290 

We first checked for the existence of trial-to-trial contingencies in accuracy or confidence 291 

ratings. Paired-sample t-tests demonstrated that accuracy on the current trial predicted neither 292 

accuracy (t(14) = -0.83, p = 0.42) nor confidence (t(14) = -1.3, p = 0.21) on the subsequent trial. 293 

Similarly, confidence on the current trial predicted neither accuracy (t(14) = 0.2, p = 0.85) nor 294 

confidence (t(14) = -1.04, p = 0.32) on the subsequent trial. Thus, it appeared that there were no 295 

reliable trial-to-trial contingencies indicating that our subjects were generating stochastic 296 

behavioral responses. 297 

  298 

We identified the dorsal attention network using standard seed-based methods (Fig. 3a, see 299 

Methods; other methods of identifying the network, such as independent component analysis, 300 

ICA, gave similar results, see Table 1). Confirming our prediction, we found that high pre-301 

stimulus BOLD activity in the dorsal attention network was associated with low confidence 302 

ratings (F(1,13) = 6.68, p = 0.02; Fig. 3b,c). On the other hand, pre-stimulus activity in this 303 

network was not reliably associated with accuracy (F(1,13) = 0.45, p = 0.52). There was also no 304 

interaction between confidence and accuracy (F(1,13) = 0.02, p = 0.89). The above analyses 305 

were performed using repeated measures ANOVA. However, one subject needed to be excluded 306 

from that analysis because he did not have any high confidence error trials (i.e., one of the cells 307 

in the 2 x 2 design was empty). To include that subject one could perform a simple t-test on the 308 

main effect of confidence and accuracy. This led to the same pattern of results for both 309 

confidence (t(14) = 2.69, p = 0.02) and accuracy (t(14) = 0.55, p = 0.59). 310 

 311 

Since the present experiment is based on detection of coherent motion, we also examined the 312 

BOLD signal in motion sensitive area MT+. Although this area is sometimes considered to be 313 
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part of the dorsal attention network, in the above analysis we delineated it as a distinct region in 314 

order to look at its effects separately. Unlike the effect in the dorsal attention network, pre-315 

stimulus activity in MT+ was not associated with subjects’ confidence ratings (t(14) = 1.31, p = 316 

0.21). This lack of significant effect on confidence suggests the difference between high and low 317 

confidence trials in dorsal attention network was not driven by fluctuations of activity in MT+. 318 

Similarly, pre-stimulus activity in MT+ for error trials (mean activity = -0.03) and correct trials 319 

(mean activity = -0.01) was not significantly different (t(14) = 0.39, p =  0.7). Further, standard 320 

GLM analyses showed that for post-stimulus evoked activity, high activity in MT+ was 321 

associated with high level of confidence ratings (t(14) = 2.98, p = 0.01). Thus, in this study, the 322 

activity in MT+ played a bigger role in reflecting stimulus processing rather than pre-stimulus 323 

fluctuation of attentional states. 324 

 325 

We further tested the relationship between confidence and pre-stimulus activity in two other 326 

networks. We found that pre-stimulus activity in neither the default mode network (Damoiseaux 327 

et al., 2006; Eichele et al., 2008; Fox et al., 2005; Sadaghiani et al., 2009) nor the alertness 328 

network (Sadaghiani et al., 2009, 2010) predicted confidence or accuracy on the task (all p’s > 329 

0.1; Table 1). 330 

 331 

The results on the dorsal attention network (DAN) corroborate our computational model (Figure 332 

1). One of the crucial assumptions of the model is that lack of attention increases the trial-by-trial 333 

variability of the perceptual signal. We provided an indirect test of this assumption by 334 

investigating whether pre-stimulus activity in DAN affected the variability in the evoked activity 335 

in MT+, a region that likely codes the perceptual signal. We computed the Fano factor of the 336 

distributions of evoked MT+ activity, a measure that has been used extensively to characterize 337 
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neural variability (for example, see Carandini, 2004; Churchland et al., 2010; Gur et al., 1997). 338 

Confirming our model’s prediction, high pre-stimulus activity in DAN led to a lower Fano factor 339 

in MT+ (t(14) = 2.56, p = 0.02; Figure 3d). No such relationship was found for the default 340 

network (t(14) = -0.71, p =  0.49) or the alertness network (t(14) = 0.4, p =  0.7). We considered 341 

the alternative interpretation that the result for DAN was due to a ceiling effect: if the pre-342 

stimulus BOLD activity is already high in DAN then pre-stimulus activity may be relatively high 343 

in MT+, and thus evoked activity in MT+ could potentially show ceiling effects. Thus we 344 

computed the skewness of the distributions of evoked activity in MT+. A ceiling effect would 345 

manifest itself as negative skewness. Nevertheless, we found that skewness was positive for 346 

trials with either low (skewness = 0.30) or high (skewness = 0.28) pre-stimulus DAN activity 347 

and there was no significant difference in skewness between the two distributions (p = .92).  348 

 349 

Finally, in order to test whether our model (Figure 1) in which attention decreases the variability 350 

of the perceptual signal can explain the observed data, we carried out simple computational 351 

simulations in which attention modulated linearly the standard deviation of the signal detection 352 

distributions (see Methods). These simulations were largely motivated by the fact that we did not 353 

observe a statistically significant effect of pre-stimulus BOLD signal in the dorsal attention 354 

network on motion discrimination accuracy, yet this was one of the predictions of our detection 355 

theoretic model (Figure 1). We performed the computational simulations four different times and 356 

obtained good fits of the data all four times (Table 2 reports the fit of the first simulation that 357 

provided the best fit). Further, the parameter that controlled the attentional decrease of the 358 

variability of the perceptual signal was consistently positive across all four fits (see Methods) 359 

suggesting that attention indeed decreased perceptual noise (note that the parameter was not 360 

constrained and that it could have taken negative values). For the fitted values of the parameters 361 
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we generated 10,000 replications of our experiment (by generating 15 sets of 100 trials for each 362 

replication). We compared the simulated pre-stimulus BOLD responses and found that simulated 363 

BOLD activity was significantly higher for low (compared to high) confidence trials on 7,188 364 

trials (i.e., 72% of all simulations), while it was significantly higher for correct (compared to 365 

error) trials on 1,306 trials (i.e., 13% of all simulations). Thus our simulations suggest that there 366 

is a large difference in our statistical power to detect effects on confidence vs. effects on 367 

accuracy, which may explain why in our dataset only the effect on confidence was significant. 368 

Therefore, the lack of a significant effect of pre-stimulus BOLD signal in the dorsal attentional 369 

network on accuracy may well be due to the lack of statistical power (as estimated from these 370 

simulations), and thus does not necessarily contradict our detection theoretic model (Figure 1). 371 

 372 
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Discussion  374 

We found that low pre-stimulus dorsal attention network (DAN) activity was associated with 375 

high confidence in a motion discrimination task, as well as higher trial-by-trial variability in 376 

post-stimulus peak activity in MT+. Our signal detection theoretic model (Figure 1) predicted 377 

this pattern of results though its last prediction – that low pre-stimulus DAN activity should lead 378 

to lower accuracy – was not confirmed. Overall, our data provide preliminary support of our 379 

noise-based account of the phenomenon of “inattentional inflation of subjective perception” (Lau 380 

and Rosenthal, 2011; Rahnev et al., 2011). 381 

 382 

Our results are novel in a number of ways. First, they demonstrate that attention may lead to 383 

dissociations between accuracy and confidence ratings. This is especially surprising since many 384 

previous studies have reported that accuracy and confidence typically increase or decrease 385 

together (e.g., Busey et al., 2000). Second, our analysis on the influence of pre-stimulus activity 386 

in the dorsal attention network (DAN) on the evoked activity in MT+ suggests that attention 387 

decreases the trial-by-trial variability of the perceptual signal. Our model implies that this noise 388 

reduction is a critical feature that explains the observed dissociation between accuracy and 389 

confidence. On the other hand, most previous models of attention focus primarily (or 390 

exclusively) on the attentional increase on gain and have placed less focus on attention’s 391 

influence on the trial-by-trial variability of the internal perceptual response (e.g., Desimone and 392 

Duncan, 1995). 393 

 394 

One may worry that our finding of pre-stimulus BOLD in the dorsal attention network being 395 

negatively correlated with confidence could seem contradictory to previous single-neuron 396 

recording research. For example, Kiani and Shadlen (2009) investigated the response of LIP 397 
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neurons when monkeys were given the opportunity of choosing a safe option (thus indicating 398 

low confidence in their decision). The researchers found that the monkeys chose the safe option 399 

when the activity in LIP neurons was at an intermediate level and therefore the activity in the 400 

recorded neurons did not provide strong evidence for either decision option. Thus Kiani and 401 

Shadlen’s results could be interpreted as predicting that the population response of LIP neurons 402 

would not distinguish between high and low confidence responses. Nevertheless, though Kiani 403 

and Shalden found neurons that commonly code for both accuracy and confidence, this finding 404 

does not necessarily imply that we cannot find dissociation elsewhere in the brain, or even within 405 

the same region. Also, Kiani and Shadlen’s study was mainly concerned with post-stimulus 406 

neuronal activity, and did not investigate pre-stimulus activity, which is the focus of the current 407 

study. Finally, the relationship between measures of individual neurons and a population 408 

measure like fMRI can be complex, and higher activity for low compared to high confidence has 409 

indeed been reported in previous fMRI studies for parietal and frontal areas (Fleming et al., 410 

2012). Thus, we believe that Kiani and Shadlen’s work is not incompatible with our current 411 

results reporting higher pre-stimulus DAN activity for low confidence trials. 412 

 413 

In another study on the spontaneous fluctuation of activity in the dorsal attention network, 414 

Sadaghiani et al. (2009) reported that low pre-stimulus DAN activity led to more hits in an 415 

auditory detection task. Sadaghiani et al.’s findings may suggest that low level of attention 416 

improves detection capacity, at least for auditory stimuli. However, the increase in detection rate 417 

can be attributed to either an enhancement of capacity, or a change of detection criterion towards 418 

the liberal direction (responding “yes” more often). Compatible with this interpretation, we 419 

previously reported empirical and theoretical data that demonstrated that there is a close 420 

relationship between high subjective perceptual ratings and more liberal detection criteria 421 
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(Rahnev et al., 2011). Thus our results that high pre-stimulus activity in DAN leads to low 422 

confidence ratings suggest that Sadaghiani et al.’s findings may be partially explained by a 423 

liberal detection bias caused by lack of attention.  424 

 425 

Alternatively, Sadaghiani and colleagues (2009) suggest that the negative relationship between 426 

pre-stimulus DAN activity and detection performance may be due to the fact that sounds are not 427 

spatial (but see Tark and Curtis, 2009). In contrast with our results, in their study DAN did not 428 

show considerable evoked activity. Given the differences in task (discrimination vs. detection) 429 

and stimuli used (motion patches vs. auditory tones) between our study and that of Sadaghiani et 430 

al. (2009), it is possible that the influence of DAN depends on the specific context of the 431 

experiment as well. We should note that our detection theoretic account of Sadaghiani et al.’s 432 

findings, and their own interpretation, are not necessarily mutually exclusive. 433 

 434 

In a related study, Hesselmann et al. (2008) investigated the influence of pre-stimulus activity in 435 

MT+ on the perception of coherent motion. They found that high pre-stimulus activity in right 436 

MT+ biases subjects to perceive coherent motion. Here we used motion that was always coherent 437 

and subjects simply needed to identify the direction of that motion. We did not find significant 438 

differences in pre-stimulus activity in MT+ for error and correct trials. It is likely that pre-439 

stimulus activity in MT influences the perception of coherence but does not necessarily lead to 440 

more accurate identification of the direction of motion. 441 

 442 

Though the finding that attention decreased the variability of the sensory responses (Figure 3d) is 443 

compatible with previous research (Mitchell et al., 2007; Bressler and Silver, 2010; Cohen and 444 

Maunsell, 2009), it needs to be interpreted with caution. The two categories of motion stimuli 445 
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used in this study (contracting and expanding) are both expected to activate MT+. Thus, the 446 

average activity in MT+ does not directly reflect the evidence for one motion direction or the 447 

other. Also, BOLD activity is dominated by scanner and physiological noise (Fox and Raichle, 448 

2007) that are not necessarily directly meaningful to the perceptual decision itself.  449 

 450 

Another limitation of the study is that if our model (Figure 1) is correct, one may expect the 451 

increase in noise associated with lack of attention to be reflected by higher discrimination 452 

accuracy as well, something that we did not find in our dataset. We note that the relative sizes of 453 

the impact of an increase in noise on accuracy and confidence may not be the same, and depend 454 

on factors such as how the confidence criteria are set. We also had limited statistical power since 455 

due to the sparse event-related design employed we only had a limited number of trials (~100) 456 

for each subject. Indeed our computational simulations suggest that even if our model (Figure 1) 457 

is correct, we may have nevertheless had limited statistical power to detect a significant positive 458 

association between pre-stimulus dorsal attention network activity and discrimination accuracy. 459 

The simulations were intended as a proof of concept and were not meant as a formal model of 460 

how attention influences pre-stimulus BOLD or the internal perceptual distributions. 461 

Nevertheless, our simulations demonstrate that the negative finding on the relationship between 462 

pre-stimulus BOLD activity on accuracy does not necessarily contradict our model (Figure 1). 463 

 464 

It is also important to note that our signal detection theoretic model is not intended as a general 465 

mechanism about how attention, accuracy, and confidence are related since this relationship is 466 

likely complex and could depend on the exact setting of the experiment (Kiani and Shadlen, 467 

2009; Reynolds and Heeger, 2009; Wilimzig et al., 2008). Our model is also largely agnostic 468 

about the specific neural mechanisms that support the generation of confidence ratings. In 469 
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particular, we do not believe that pre-stimulus dorsal attention network activity codes confidence 470 

ratings; instead confidence is likely coded in structures related to metacognition (Fleming et al., 471 

2010, 2012) or self-referential evaluative operations (Northoff and Bermpohl, 2004). Rather, the 472 

model depicted in Figure 1 attempts to give a formal explanation of the surprising negative 473 

relationship between attention and confidence in certain circumstances such as when attended 474 

and unattended stimuli are considered together in the same context.   475 

 476 

We also have to be cautious not to assume that pre-stimulus activity in the dorsal attention 477 

network can be absolutely equated with subject’s attentional level. There are many other factors 478 

that contribute to activity in any large brain network (Fox and Raichle, 2007). Nevertheless, our 479 

interpretation of the current data is compatible with previous studies have shown that the brain 480 

modulates the attentional level by changing the state of cortical networks (Harris and Thiele, 481 

2011) and that the dorsal attention network in particular reflects positively on one’s attentional 482 

state (Eichele et al., 2008; Sapir et al., 2005).  483 

 484 

Another limitation of the current study is the lack of behavioral effects between conditions, 485 

independent of the fMRI results. This is because in this study, unlike in many other behavioral 486 

studies of attention, we did not try to experimentally manipulate subjects’ attention (Rahnev et 487 

al., 2011; Wilimzig et al., 2008). Instead, we relied on spontaneous fluctuations of the neural 488 

activity in the dorsal-attention network to indicate different presumed attentional states. Future 489 

studies should explore novel ways to determine the attentional state of subjects without explicitly 490 

manipulating attention, as well as to directly manipulate attention while measuring neural 491 

activity, in order to further investigate the neural mechanism involved in the putative negative 492 

relationship between attention and confidence. 493 
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 494 

Finally, even though one interpretation of our results is that pre-stimulus activity in the dorsal 495 

attention network influences the perception of the stimulus, our data are also consistent with the 496 

interpretation that what is being influenced is a late, cognitive stage of the information 497 

processing. Nevertheless, we favor the former interpretation because in our previous study 498 

(Rahnev et al., 2011) we showed that attention not only led to lower visibility ratings, it also led 499 

to more conservative detection biases. Also, these effects were resistant to feedback and payoff 500 

manipulations, as if they were automatic and part of the perceptual processes themselves. 501 

 502 

To sum up, our results corroborate our previous psychophysical findings (Rahnev et al., 2011) in 503 

that lack of attention may lead to liberal subjective biases such as higher subjective ratings, a 504 

phenomenon that we call “inattentional inflation of subjective perception” (IISP). Such liberal 505 

subjective biases for unattended objects may partially explain why we find it surprising that we 506 

fail to perceive unattended objects (such as in inattentional and change blindness experiments) 507 

and can perhaps shed some light on why we think we see the whole visual scene in front of us, 508 

despite the fact that we seem to only be able to process a few objects effectively within our focus 509 

of attention (Kim and Blake, 2005). 510 

 511 

512 
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Figure Legends 513 

 514 

Figure 1. Signal detection model based on Rahnev et al. (2011). According to signal detection 515 

theory (Green and Swets, 1966), stimuli with contracting (red curve) or expanding (blue curve) 516 

motion produce overlapping distributions on a single decision dimension. Based on previous 517 

research (Gorea and Sagi, 2000) decisions criteria are assumed to be the same for the different 518 

attention conditions. The model postulates that lower attention leads to increased variability of 519 

the perceptual signal (hence the wider distributions in the lower panel). Due to the higher 520 

variability of the “low attention” distributions, they produce a higher percentage of high 521 

confidence trials, because the tails of the distributions extend further into the “high confidence” 522 

regions. 523 

 524 

Figure 2. Task design. We employed a sparse design with inter-trial intervals (ITI) of 20 to 40 525 

seconds to allow for the BOLD signal to return to baseline. During that period subjects viewed 526 

stationary dots. Trials consisted of 100 ms coherent dot motion that was followed by a “mask” of 527 

random motion (400 ms). Subjects were asked to judge the motion direction (expanding / 528 

contracting) and then provide a confidence rating on a 1-4 scale.  529 

 530 

Figure 3. Pre-stimulus dorsal attention network activity was negatively associated with 531 

confidence. We identified the dorsal attention network (a) using standard seed-based methods 532 

(see Methods). The network included the frontal eye fields and intraparietal regions. (b) Counter-533 

intuitively, the pre-stimulus activity was higher for low confidence than for high confidence 534 

trials. There was no reliable difference in pre-stimulus activity for correct compared to error 535 

trials. The vertical dashed line shows the average time of the second button press (the confidence 536 
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response). To facilitate our statistical analysis, we separated (c) the trials by confidence and 537 

accuracy and plotted the pre-stimulus activity, which was defined as the average BOLD activity 538 

in the two scans prior to stimulus onset. (d) To check if attention changed the variability of the 539 

internal perceptual response, we computed the Fano factor for the distributions of evoked 540 

responses of MT+ for the trials that had either low or high pre-stimulus DAN activity. Fano 541 

factor was lower in the latter distribution, suggesting that lack of attention increased the 542 

variability of the perceptual signal. The error bars represent the standard error of the mean. DAN 543 

= dorsal attention network. 544 

545 
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 546 

  
% signal change Statistical effects 

Network 
High 
conf, 

correct 

High 
conf 

incorrect 

Low 
conf, 

correct 

Low 
conf, 

incorrect 

Effect on 
confidence 

Effect on 
accuracy 

Confidence 
x accuracy 
interaction 

Dorsal attention 
network 

– 0.221 – 0.272 – 0.098 – 0.133 
F(1,13)=6.68  

p=0.02 
F(1,13)=0.45  

p=0.52 
F(1,13)=0.02  

p=0.89 

Default network 
0.175 0.153 0.144 0.076 

F(1,13)=0.58  
p=0.49 

F(1,13)=0.24  
p=0.64 

F(1,13)=0.14  
p=0.71 

Alertness network 
– 0.23 – 0.275 – 0.215 – 0.17 

F(1,13)=2.17  
p=0.16 

F(1,13)=0     
p=0.99 

F(1,13)=1.31  
p=0.27 

Dorsal attention 
network (ICA) 

– 0.157 – 0.244 – 0.052 – 0.117 
F(1,13)=5.61  

p=0.03 
F(1,13)=1.48  

p=0.25 
F(1,13)=0.07   

p=0.8 

 547 

Table 1. Pre-stimulus activity in other common brain networks. We computed the average 548 

pre-stimulus activity for each trial type (see Figure 3) in different brain networks. The dorsal 549 

attention network was also defined in two different ways using either seed-based methods or 550 

independent component analysis (ICA, see Methods). One subject was excluded from this 551 

statistical analysis because he did not have any high confidence error trials. 552 

553 
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 554 

Measure 

Pre-stim 
DAN in low 
confidence 

trials 

Pre-stim   
DAN in high 
confidence 

trials 

Pre-stim 
DAN in 

correct trials 

Pre-stim 
DAN in 

error trials 

% correct 
trials 

% high 
confidence 

trials 

observed value -0.129 -0.246 -0.172 -0.206 0.626 0.528 

fitted value -0.126 -0.242 -0.173 -0.212 0.624 0.528 
 555 

Table 2. Fit from our computational simulations. We carried out simple computer simulations 556 

(see Methods) to investigate if our model (Figure 1) can fit the observed data from the 557 

experiment. The fitting procedure was performed four different times to ensure that the fitting 558 

procedure did not get “stuck” in local minima. This table reports the fitted values produced by 559 

the first fit which provided the best match to the observed values. The values were generated by 560 

simulating 15,000,000 trials. 561 

562 
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