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 15 
Ageing impacts on decision making behaviour across a range of cognitive tasks 16 
and scenarios. Computational modeling has proven valuable in providing 17 
mechanistic interpretations of these age-related differences; however, the extent 18 
to which model parameter differences accurately reflect changes to the 19 
underlying neural computations remains unclear. Here, we report that age-20 
related effects on neural signatures of decision formation are inconsistent with 21 
behavioural fits derived from a prominent accumulation-to-bound model. Most 22 
notably, model-predicted bound differences were absent neurophysiologically. 23 
However, constraining the model to match decision-predictive elements of the 24 
brain signals provided more parsimonious fits to behaviour and generated 25 
predictions regarding the neural data which were empirically validated. These 26 
included a task-dependent slowing of evidence accumulation amongst older 27 
adults and reduced between-trial accumulation-rate variability, which was 28 
linked to enhanced attentional engagement. Our findings highlight how 29 
combining neurophysiological measurements with computational modelling can 30 
yield unique insights into group differences in neural decision mechanisms. 31 
 32 
 33 
 34 
Ageing is associated with a progressive decline in many aspects of cognitive function 35 
including episodic memory1, working memory2, speed of processing3 and task-36 
switching4. In an effort to better understand these wide-ranging changes, researchers 37 
have sought to pinpoint core mental operations that are impacted by ageing (e.g. refs. 38 
3,5,6). One such operation is perceptual decision making, the process whereby sensory 39 
information is translated into goal-directed actions.  40 
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 41 
Much of what we know about how ageing affects perceptual decision making comes 42 
from behavioural studies employing sequential sampling models7–9. The core 43 
principle underlying these models is that noisy sensory evidence is accumulated until 44 
a predetermined quantity has accrued in favour of one of the decision alternatives. 45 
The two most consistent findings to emerge from this work have been an age-46 
dependent widening of decision boundaries10–16, indicative of older adults adopting 47 
more cautious decision policies17 and an age-related slowing of non-decision 48 
processing indicating a delay in sensory encoding and/or motor execution10–12,14,18–21. 49 
Perhaps surprisingly, ageing effects on the parameter that dictates the mean rate of 50 
evidence accumulation (‘drift rate’) vary substantially across studies and appear to be 51 
highly task-dependent (e.g. refs. 10,14,21,22). For instance, whereas older and younger 52 
adults had similar drift rates on a signal detection task10, older adults had lower drift 53 
rates on a letter discrimination task21 and higher drift rates during motion 54 
discrimination16. 55 
 56 
While these mathematical models have provided valuable insights into the effects of 57 
ageing on decision making, there are limits on what can be gleaned from the 58 
modelling of behavioural data alone (see 23 for a recent review). For instance, it is 59 
difficult to ascertain whether any age-related differences in drift rate emanate from 60 
differences in the quality of sensory encoding, the integrity of the evidence 61 
accumulation process itself or engagement of other systems that play a supporting 62 
role in perceptual decision making, such as neuromodulatory and attention systems 63 
which are known to be affected by ageing (e.g. ref. 24). More generally, abstract 64 
decision models that quantitatively capture behaviour do not necessarily reflect the 65 
neural computations underlying decision formation, as evidenced in recent non-66 
human primate research25–27. Some animal neurophysiology studies have thus begun 67 
to use neural signatures of decision formation directly to construct model variants 68 
that are more representative of the neural implementation of the decision process as 69 
well as its behavioural output25,28. The recent identification of analogous decision 70 
signals in non-invasive recordings presents an opportunity to similarly develop 71 
neurally-informed models of human decision making. These human brain signals 72 
bear all of the same decision-predictive characteristics as have been reported for 73 
build-to-threshold decision signals observed in single-unit recordings29–31, including a 74 
gradual buildup whose rate predicts reaction time and is proportional to evidence 75 
strength, and a fixed amplitude immediately prior to decision reports consistent with 76 
a boundary crossing effect32–34. Two functionally-distinct categories of human 77 
decision signals have been characterised: effector-selective signals that represent the 78 
translation of sensory evidence into a specific motor plan, such as lateralised 79 
oscillatory activity in the beta-band33–36, and a domain-general signal found in the 80 
event-related potential, termed the centroparietal positivity (CPP), that exhibits the 81 
same evidence accumulation properties irrespective of whether a response is 82 
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immediate, delayed37 or not required at all33. The buildup of the CPP reliably 83 
precedes evidence-selective motor preparation signals32, suggesting that it reflects a 84 
processing level that intermediates between sensory encoding and motor preparation.  85 
 86 
To investigate the impact of ageing on the neural decision process and to examine 87 
correspondences with the predictions derived from behavioural modelling, we asked 88 
a group of younger and older participants to perform a continuous version of a 89 
random dot motion task32 and a gradual contrast-change detection task33, while we 90 
recorded 64-channel electroencephalography (EEG). This approach allowed us to 91 
isolate both effector-selective and domain-general indices of decision formation 92 
whose dynamics we compared to key parameter values derived from fitting the most 93 
popular sequential sampling variant, the drift diffusion model9, to the behavioural 94 
data. For the continuous random dot motion task, the diffusion model accounted for 95 
age-related performance deficits (longer reaction times and more misses) in terms of 96 
a widening of decision boundaries in older adults. However, there were no 97 
differences in the amplitude of either the effector-selective or domain-general 98 
decision signals at the time of the decision report. Instead, older adults showed slower 99 
decision signal buildup of neural evidence accumulation signals, which is equally 100 
consistent with the performance deficits in this task. Meanwhile, in the contrast-101 
change detection task, older subjects performed better (less variable reaction times 102 
and fewer misses), and while the model fits explained this by an increase in both drift 103 
rate and decision bound, no age-related differences in the corresponding neural signal 104 
measurements were observed. We go on to show that if the diffusion model is 105 
constrained to take account of these neurophysiological observations, the model 106 
provides a better fit to the motion discrimination data and a comparable fit to 107 
behaviour on the contrast-change detection task despite having fewer free parameters, 108 
as well as producing estimates of the non-constrained parameters that accord with the 109 
corresponding neural measures. Specifically, when decision bounds were constrained 110 
to be equal and starting-point variability was added as a free parameter to take 111 
account of premature evidence accumulation observed in older adults on the motion 112 
task, the model was then able to capture the drift rate difference evident in the neural 113 
data. In the contrast-change task, reduced across-trial variability in drift rate in older 114 
adults that became apparent in the neurally-constrained model was reflected in 115 
reduced variability both in the buildup rate of the decision signals and in pretarget 116 
alpha-band activity, suggesting more consistent attentional engagement. Together, 117 
our data suggest that human neurophysiological signals can play an important role in 118 
constraining models of perceptual decision making and revealing key mechanistic 119 
differences that may go undetected using behavioural modelling alone. 120 
 121 
 122 
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Results 123 
 124 
Motion Discrimination  125 
 126 
Behaviour  127 
 128 
In a first experiment, 35 younger (17 males, age range: 18-38, mean age: 22 years 129 
old) and 31 older participants (13 males, age range: 66-83, mean age: 74 years old) 130 
performed a continuous version of a random dot motion task in which they were 131 
required to discriminate the direction of intermittent periods of coherent motion 132 
(randomly set to 30 or 60%) that occurred within a continuous stream of incoherent 133 
motion (Figure 1a; see also ref. 32). For both young and old participants, higher 134 
sensory evidence strength (motion coherence) resulted in fewer misses (p<0.001 for 135 
both age groups, Wilcoxon signed-rank test) and faster reaction times (RTs; p<0.001 136 
for both age groups, Wilcoxon signed-rank test). In keeping with previous studies 137 
examining the effects of ageing on motion discrimination16,38,39, older adults were 138 
significantly less accurate than their younger counterparts for both levels of motion 139 
coherence (Figure 1b; 30%: W=250, p<0.001, rank-biserial r=0.539, 95% CI [0.369, 140 
0.767]; 60%: W=167, p<0.001, rank-biserial r=0.693, 95% CI [0.573, 0.869], Mann-141 
Whitney test) and also displayed significantly slower RTs (Figure 1b; 30%: W=879, 142 
p<0.001, rank-biserial r=0.619, 95% CI [0.416, 0.746]; 60%: W=962, p<0.001, rank-143 
biserial r=0.773, 95% CI [0.633, 0.864], Mann-Whitney test). Further analysis 144 
revealed that older adults made more erroneous responses (30% coherence: 2.6% ± 145 
5.4 vs. 0.5 ± 1.2%, W=729, p=0.006, rank-biserial r=0.343, 95% CI [0.076, 0.564]; 146 
60% coherence: 5.4% ± 6.6 vs. 0.8% ± 1.1, W=886, p<0.001, rank-biserial r=0.633, 147 
95% CI [0.435, 0.773]) and more misses (30% coherence: 6.6% ± 10.3 vs. 1.3 % ± 148 
2.1, W=742, p=0.007, rank-biserial r=0.367, 95% CI [0.103, 0.582]; 60% coherence: 149 
0.4% ± 1.1 vs. 0% of targets, W=599, p=0.117, rank-biserial r=0.104, 95% CI [-150 
0.175, 0.368]) than their younger counterparts, while there were no differences in the 151 
false alarm rates between the two age groups (Younger (mean±SD): 0.39± 0.5 per 152 
block, Older: 0.54 ± 0.7 per block, W=632, p=0.245, rank-biserial r=0.165, 95% CI [-153 
0.114, 0.42], Mann-Whitney test). 154 



 

5 
 

 155 
 156 
Figure 1: Random dot motion task and associated behaviour. a) Task schematic of the 157 
continuous random dot motion task. Participants monitored a centrally-presented dot pattern for 158 
transitions from random to coherent motion. b) Older adults (N=31) were slower and made more 159 
incorrect responses at discriminating motion direction than their younger counterparts (N=35). 160 
Error bars indicate ±1 SEM. ***= p<0.001.  161 

To gain a better understanding of what aspects of the decision process led to these 162 
differences in behaviour, we fit a drift diffusion model to the accuracy and RT data 163 
for both age groups (Figure 2a). We first identified the key parameters required to fit 164 
the model to data pooled across participants from each group (decision bound, drift 165 
rate, non-decision time, across-trial drift rate variability; see Supplementary Figure 1 166 
and Methods for further information on our approach), before fitting the model to 167 
each individual’s data from the two groups (Figure 2c). An analysis of incorrect 168 
responses concluded that they were highly unlikely to have arisen from incorrect 169 
decision boundary crossings through evidence accumulation (see Methods for further 170 
details) and therefore incorrect responses were omitted from the fitting procedure. 171 
The model produced good fits to the pooled group data for both the younger 172 
(G2=51.51) and older (G2=70.81) groups. Consistent with previous behavioural 173 
modelling studies of motion discrimination and other two-alternative perceptual 174 
decisions10,16,21, both the group-level and individual fits suggested that older adults 175 
had significantly larger boundary separations than younger adults (Figure 2c; W=994, 176 
p<0.001, rank-biserial r=0.832, 95% CI [0.723, 0.901], Mann-Whitney test; see also  177 
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 178 
 179 
Figure 2: Comparison of diffusion model fits to motion discrimination data with decision 180 
boundary free to vary and constrained. a) Schematic of the two-choice drift diffusion model that 181 
was fit to the data. Evidence accumulation begins at starting point, z, and a response is initiated 182 
when the cumulative evidence reaches the correct, a, or incorrect, 0, response boundary. The mean 183 
rate of accumulation is determined by the drift rate, v, which can vary from trial-to-trial. This 184 
variability is assumed to be normally distributed with a standard deviation of η.  In the neurally-185 
informed model, the starting point of the accumulation process could also vary on a trial-to-trial 186 
basis, sz, and this variability was assumed to be uniformly distributed. On some trials, the 187 
cumulative evidence does not reach either decision boundary before the response deadline and in 188 
these cases the trial is classified as a miss. b) Neurally-informed model fits (solid lines) to observed 189 
reaction time distributions (histograms) pooled across participants. Inset of each panel: Observed 190 
and model estimates of target misses. c) Mean parameter estimates derived from model fits to 191 
individual data where decision boundary was free to vary. d) Mean parameter estimates derived 192 
from model fits to individual data where decision boundary was constrained to be the same across 193 
age groups and where starting point variability was added as a free parameter. *=p<0.05, ***= 194 
p<0.001. 195 
 196 
 197 
 198 
Supplementary Fig. 1b), with no significant differences in drift rate (Figure 2c; vL: 199 
t(64)=0.233,p=0.816, Cohen’s d=0.058, 95% CI [-0.426, 0.541]; vH: t(64)=0.584, 200 
p=0.561, Cohen’s d=0.144, 95% CI [-0.34 0.485]). Older adults also had significantly 201 
shorter non-decision times (t(64)=2.112, p=0.039, Cohen’s d=0.521, 95% CI [0.031, 202 
0.548]). 203 
 204 
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 205 
Neurophysiology 206 
 207 
To measure the impact of ageing on neural evidence accumulation processes, we 208 
recorded EEG while participants performed the random dot motion task. In line with 209 
our earlier findings32,40, the onset of coherent motion elicited a rising positivity in the 210 
event-related potential over centroparietal scalp regions in both younger and older 211 
participants (Figure 3a). Our previous work has demonstrated that this centroparietal 212 
positivity (CPP) exhibits the key properties of bounded accumulation that are central 213 
to sequential sampling models of perceptual decision making 32,33, while other work 214 
has identified similar properties in lateralised oscillatory activity in Mu/Beta band 215 
(e.g. 33–35). Specifically, these signals exhibit a gradual buildup whose rate scales with 216 
evidence strength and reaches a stereotyped amplitude at the time of response. 217 
Importantly, both of these signals have also been shown to be sensitive to 218 
experimental manipulations previously shown to modulate participants’ decision 219 
boundaries, such as predictive cueing paradigms and experiments that manipulate the 220 
speed/accuracy emphasis of a task (e.g. 34,36,41). Here, we took advantage of these 221 
evidence accumulation properties to examine the effect of ageing on the buildup and 222 
amplitude of response-locked CPP and oscillatory Mu/Beta activity and compare the 223 
findings to our modelling results. 224 
 225 
Initial inspection of the data revealed that the buildup of the CPP of the older group 226 
actually commenced before the onset of coherent motion suggesting a tendency 227 
towards premature evidence accumulation (see Supplementary Fig. 2). To account for 228 
this, we baseline-corrected the ERP waveforms of both age groups relative to a 100 229 
ms interval preceding this initial build-up (600 to 500 ms prior to coherent motion; 230 
see Discussion for further consideration of this analysis step). 231 
 232 
As expected, across both groups, the buildup rate of the CPP increased in proportion 233 
to evidence strength (i.e. motion coherence, F(1,64)=25.132, p<0.001, partial 234 
η2=0.282, 90% CI [0.134, 0.412], BF01<0.001), and the signal reached a stereotyped 235 
amplitude immediately prior to response execution that did not differ as a function of 236 
coherence (F(1, 64)= 0.551, p=0.46, partial η2=0.008, 90% CI [0, 0.079], BF01=4.15). 237 
The rate of CPP buildup differed between the age groups, with a slower rate of 238 
accumulation in the older group compared to the young group (F(1, 64) = 10.73, 239 
p=0.002, partial η2=0.144, 90% CI [0.035 0.272], BF01=0.005), while there was no 240 
significant difference between age groups in CPP amplitude at response (F(1, 64) = 241 
1.64, p=0.205, partial η2=0.025, 90% CI [0 0.115]). Although our Bayes factor 242 
analysis indicated that the evidence was inconclusive as to whether there was a 243 
significant difference in the CPP amplitude at response (BF01=1.543), it should be 244 
noted that the numerical trend favoured a lower CPP amplitude in the older group, 245 
and is thus at odds with the prevailing view to emerge from the modelling literature 246 
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that older adults implement higher decision bounds (e.g. 10-16). A qualitatively similar 247 
pattern of results was observed at the level of effector-selective motor preparation, 248 
with contralateral Mu/Beta activity (Figure 3b) reaching a fixed amplitude before 249 
response execution irrespective of evidence strength (F(1, 64)= 1.809, p=0.183, 250 
partial η2=0.027, 90% CI [0, 0.12], BF01=2.67), although it was again inconclusive as 251 
to whether the amplitude at response varied as function of age group with anecdotal 252 
evidence in favour of there being no difference (F(1,64)=0.254, p=0.616, η2=0.004, 253 
90% CI [0, 0.063], BF01=1.54). Also in keeping with the CPP results, the buildup rate 254 
of contralateral Mu/Beta was faster for higher motion coherence (F(1,64)=5.91, 255 
p=0.018, partial η2=0.085, 90% CI [0.008 0.203], BF01=0.524) and in younger adults 256 
(F(1,64)=8.45, p=0.005, partial η2=0.117, 90% CI [0.021 0.242] BF01=0.128).  257 
 258 
 259 
 260 

 261 
 262 
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Figure 3: During motion discrimination older adults (N=31) exhibit a slower rate of evidence 263 
accumulation relative to younger adults (N=35), with both age groups displaying similar 264 
amplitudes at response. a) Stimulus-locked (left) and response-locked (right) CPP waveforms for 265 
young and older participants performing the continuous random dot motion task. The rate of CPP 266 
buildup differed between the age groups, with a slower rate of accumulation in the older group 267 
compared to the young group, while there was no difference in CPP amplitude between the different 268 
age groups at the time of decision report (black solid line on right panel). b) A similar pattern of 269 
results was observed for contralateral Mu/Beta activity. Shaded areas indicate ±1 SEM of data 270 
points. 271 

 272 
 273 
Neurally-informed modelling 274 
 275 
Our neurophysiological data indicate that age-related decrements in motion 276 
discrimination performance arise due to slower accumulation of motion information 277 
in older adults, with little or no difference in the decision boundary positions of 278 
younger and older participants. However, these observations are at odds with our 279 
behavioural modelling results and those of previous studies (e.g. ref. 16). In an effort 280 
to address this discrepancy, we fit an additional model to the behavioral data in 281 
which, based on our neurophysiological observations, the decision bound was fixed 282 
to the mean of the young and older group parameter values from the original group-283 
level model fits (see Methods for further details and Figure 2b for model fits). To 284 
account for the early buildup of the CPP observed in older adults (see Figure 3a), we 285 
also included starting point variability as a free parameter in the model on the 286 
grounds that it would capture any variance in performance and decision-signal 287 
buildup due to premature evidence accumulation (e.g. ref. 42) irrespective of the 288 
particular accumulation strategy that was adopted (e.g. leaky versus non-leaky). The 289 
model fits from this neurally-informed model were better than the original model for 290 
both the younger (G2= 46.9) and older (G2= 54.3) groups despite both models having 291 
the same number of free parameters. Moreover, the age group differences in the 292 
parameter values from the neurally-informed model were more in keeping with our 293 
neurophysiological data, with significantly lower drift rates in older subjects for both 294 
low and high coherence stimuli (Figure 2d; vL: W=264, p<0.001, rank-biserial 295 
r=0.513, 95% CI [0.336 0.747]; vH: W=242, p<0.001, rank-biserial r=0.554, 95% CI 296 
[0.389 0.778], Mann-Whitney tests; see also Supplementary Fig. 1c). Older adults 297 
also displayed significantly higher levels of starting point variability compared to 298 
their younger counterparts (t(64)=4.486, p<0.001, Cohen’s d=1.106, 95% CI [0.583, 299 
1.623]), which accords with the observation of larger pretarget CPP build-up in this 300 
group; since the CPP manifests as a positive deflection irrespective of which decision 301 
alternative the evidence favours, its average amplitude at target onset should be larger 302 
when there is greater starting point variability. Between-trial drift rate variability was 303 
also higher in younger participants than older participants, although this effect was 304 
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not statistically significant (t(64)=1.944, p=0.056, Cohen’s d=0.479, 95% CI [-0.01, 305 
0.492]; see Contrast-change detection task for further analysis and discussion). We 306 
also note that even when starting point variability was not free to vary between 307 
groups, a model with constrained bounds produced more parsimonious fits 308 
(BICs=93.29 and 108.37 for younger and older groups, respectively) than a model 309 
with unconstrained bounds (BICs=95.17 and 113.69) and again highlighted 310 
significantly higher drift rates in younger participants (vL: W=220, p<0.001, rank-311 
biserial r=0.594, 95% CI [0.441 0.805]; vH: W=182, p=0.001, rank-biserial r=0.665, 312 
95% CI [0.536 0.853], Mann-Whitney tests). Thus, adapting the diffusion model 313 
according to our neurophysiological observations produced better fits to behaviour 314 
while also providing a better account of the age-related differences observed in our 315 
neural measures of evidence accumulation.  316 
 317 
 318 
 319 
Contrast-change Detection  320 
 321 
Behaviour 322 
 323 
To assess whether the age-related effects we observed on the random dot motion task 324 
generalised to other perceptual decision making tasks, the same participants 325 
performed a contrast-change detection task33 within the same testing session, with the 326 
order of the tasks counterbalanced across participants. Participants were required to 327 
continuously monitor a checkerboard stimulus for intermittent reductions in contrast, 328 
which were reported via a right-hand button click (Figure 4a). Older adults 329 
surprisingly outperformed their younger counterparts on this task, detecting more of 330 
the contrast reductions (Figure 4b; W=989, p=0.006, rank-biserial r=0.369, 95% CI 331 
[0.125, 0.571], Mann-Whitney test) despite maintaining similar average response 332 
times (Figure 4b; t(74)=0.179, p=0.858, Cohen’s d=0.041, 95% CI [-0.409, 0.491]) 333 
and false alarm rates (Younger: 1.6 per block ± 1.4, Older: 1.6 per block ± 1.9, 334 
W=636, p=0.373, rank-biserial r=0.119, 95% CI [-0.126, 0.379], Mann-Whitney 335 
Test). The younger group did, however, display increased RT variability compared to 336 
the older group (Figure 4c; Mean coefficient of variation across participants: 337 
Younger= 0.234, Older=0.209, t(74)=2.496, p=0.015, Cohen’s d=0.573, 95% CI 338 
[0.116, 1.034]). To establish what aspects of the decision process gave rise to the 339 
older adults outperforming their younger counterparts on this task, we fit the data 340 
with a one-choice drift diffusion model (Figure 5a; ref. 43), with the same free 341 
parameters as in the analysis of the motion discrimination (decision bound, drift rate, 342 
non-decision time, between-trial drift variability). A key difference in this model, 343 
however, was that we assumed that the drift rate rose linearly over the duration of the 344 
target stimulus to reflect the ramping evidence signal (i.e. decreasing contrast; see 345 
Methods). This model provided a very good fit to the pooled group data 346 
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(Supplementary Fig. 3a) for both the younger (G2=84.24) and older (G2=87.33) 347 
groups. The parameter estimates from the fits of this model to the individual data 348 
indicated that the behavioural advantage in the older group was linked to the 349 
combined effect of two distinct parameter differences: higher drift rates (Figure 5c; 350 
t(74)=3.26, p=0.002, Cohen’s d=0.748, 95% CI [0.28, 1.121]; see also 351 
Supplementary Fig. 3b), as well as wider decision boundary separations than young 352 
adults (t(74)=2.364, p=0.021, Cohen’s d=0.542, 95% CI [0.082 0.999]). 353 
 354 
 355 
 356 
 357 
 358 
 359 
 360 
 361 
 362 

 363 
Figure 4: Gradual contrast-change detection task and associated behaviour: a) Schematic of 364 
contrast-change detection task. Participants monitored a checkerboard annulus for intermittent 365 
decreases in stimulus contrast. b) Older adults (N=38) detected more of the contrast targets than 366 
younger adults (N=38), while maintaining similar reaction times. c) Reaction time distributions for 367 
young and older age groups. **= p<0.01 368 
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 370 
Neurophysiology 371 
 372 
To examine whether comparable effects were observed in the neural indices of 373 
decision formation, we again measured the CPP and left hemisphere beta (LHB) as 374 
assays of sensory evidence accumulation and motor preparation, respectively. In 375 
addition to these measures, the gradual contrast detection task also allowed us to 376 
track the basic sensory encoding of contrast over time by measuring the amplitude of 377 
the occipital steady-state visual evoked potential (SSVEP; refs. 33,44) generated by the 378 
on-off flicker of the checkerboard stimulus. Although the amplitude of the SSVEP 379 
was greatly reduced in the older group compared to the young group, when the 380 
signals were normalised to take account of these baseline differences (see Methods 381 
for further details), the SSVEPs for both age groups reliably tracked the decrease in 382 
stimulus contrast displaying remarkably similar stimulus- and response-aligned 383 
waveforms (Figure 6a). Furthermore, both the CPP (Figure 6b) and LHB (Figure 6c) 384 
were very similar across age groups, with no significant differences in the buildup 385 
rates (CPP: t(74)=1.14, p=0.259, Cohen’s d=0.261, 95% CI [-0.19, 0.713], 386 
BF01=3.16; LHB: t(74)=0.442, p=0.66, Cohen’s d=0.101, 95% CI [-0.349, 0.551], 387 
BF01=5.23) or peak amplitudes (CPP: t(74)=0.414, p=0.68, Cohen’s d=0.095, 95% CI 388 
[-0.355, 0.545], BF01=5.29; LHB: t(74)=0.17, p=0.866, Cohen’s d=0.039, 95% CI [-389 
0.41 .489], BF01=5.65) of these signals in the response-aligned waveforms. 390 
 391 
 392 
Neurally-informed modelling 393 
 394 
Our initial neural signals analysis did not uncover any differences at the sensory 395 
encoding, decision formation or motor preparation processing levels that could 396 
account for the enhanced contrast detection performance of the older participants. As 397 
in the random dot motion data, these electrophysiological data appear to be at odds 398 
with our findings from a fit of a standard model, which suggested that older adults 399 
displayed higher rates of evidence accumulation and elevated decision boundaries. In 400 
an attempt to reconcile these findings, we fixed the boundary criterion and drift rate 401 
parameters to intermediate values between the younger and older values derived from 402 
the initial model fit (4 free parameters) and fit the resulting model (2 free parameters) 403 
to the behavioural data (Figure 5b). While the fits of this reduced model to the pooled 404 
data were marginally worse compared to the unconstrained model fits for both 405 
younger (G2=97.31) and older (G2=90.72) groups, the BIC values indicated that the 406 
constrained model (Younger: 113.79, Older: 107.2) provided a more parsimonious fit 407 
to the data compared to the original model (Younger: 117.19, Older: 120.3) with 4 408 
free parameters. Fitting this neurally-constrained model to the individual data 409 
suggested that the key factor underlying the age-related behavioural advantage was a 410 
higher degree of between-trial drift rate variability in younger adults compared to 411 



 

13 
 

older adults (Figure 5d; W=359, p<0.001, rank-biserial r=0.503, 95% CI [0.334, 412 
0.722], Mann-Whitney test; see Supplementary Fig. 3c for parameter values from fits 413 
to pooled data). In the following section we sought evidence in our 414 
neurophysiological data to support these model findings.  415 
 416 
 417 
 418 
 419 
 420 
 421 

 422 

 423 
Figure 5: Comparison of diffusion model fits to contrast-change detection data with decision 424 
boundary and drift rate free to vary and constrained. a) Schematic of the one-choice drift 425 
diffusion model that was fit to the data. Evidence accumulation begins at starting point, z, and a 426 
response is initiated when the cumulative evidence reaches the decision boundary, a. The rate of 427 
accumulation is called the drift rate, v, which can vary from trial-to-trial. This variability is assumed 428 
to be normally distributed with a standard deviation of η. On some trials the cumulative evidence 429 
does not reach the decision boundary before the response deadline and in these cases the trial is 430 
classified as a miss. b) Neurally-informed model fits (solid lines) to observed reaction time 431 
distributions (histograms) pooled across participants. Inset of each panel: Observed and model 432 
estimates of target misses. c) Mean parameter estimates derived from model fits to individual data 433 
where decision boundary and drift rate were free to vary. d) Mean parameter estimates derived from 434 
model fits to individual data where decision boundary and drift rate were constrained. *= p<0.05, 435 
**=p<0.01, ***= p<0.001. 436 

 437 
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 438 
Figure 6: Sensory encoding, decision formation and motor preparation signals exhibit similar 439 
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dynamics in young and older participants (both N=38) on the contrast-change detection task. 440 
a) Stimulus-locked (left) and response-locked (right) SSVEP displays similar buildup rates and 441 
amplitudes at response for both age groups. A similar pattern was observed for both the CPP (b) and 442 
for left hemisphere beta (LHB) band activity (c). Dashed lines on stimulus-locked CPP and LHB 443 
indicate mean reaction times of both age groups. 444 
 445 
 446 
Linking neurally-informed modelling to neurophysiology 447 
  448 
The results from the neurally-constrained diffusion model suggest that the main 449 
factor driving the older adults’ behavioural advantage on the contrast-change 450 
detection task is reduced between-trial drift rate variability. To establish whether 451 
there was a corresponding age-related reduction in the variability of the neural 452 
signatures of decision formation, we calculated single-trial estimates of the CPP slope 453 
for the two age groups. This analysis revealed that the buildup rate of the CPP was 454 
significantly more variable in the young group compared to the older group (Mean 455 
SD across participants: Young=0.31, Old=0.21, t(74)=5.653, p<0.001, Cohen’s 456 
d=1.297, 95% CI [0.805, 1.796]) in keeping with the modelling results. Furthermore, 457 
a similar age-related reduction in the variability of the buildup rate of the CPP was 458 
also observed in the data from the random dot motion task (Median SD across 459 
participants: Young=0.16, Old=0.13, W=385, p=0.043, rank-biserial r=0.29, 95% CI 460 
[0.057 0.562], Mann-Whitney Test) suggesting that this effect generalises across 461 
different perceptual tasks. 462 
 463 
One potential reason for the age-dependent decrease in between-trial variability of 464 
evidence accumulation is that older adults maintained a greater level of engagement 465 
with the task (e.g. 16), while younger participants may have been more susceptible to 466 
fluctuations of attention over the course of the experiment. Although the current 467 
experiment did not directly manipulate the effect of attention on task performance, 468 
the amplitude of pretarget alpha-band activity over posterior scalp sites is a well-469 
known electrophysiological signature of endogenous attention32,45,46. In line with the 470 
idea that younger adults may be more susceptible to fluctuations of attention, across-471 
trial variability of alpha band activity (coefficient of variation, CV) was higher for 472 
younger participants compared to their older counterparts (Young: 0.231, Old: 0.185, 473 
t(74)=3.14, p=0.002, Cohen’s d=0.721, 95% CI [0.259 1.187]).  474 
 475 

Discussion 476 
 477 
Our results highlight ways in which human brain recordings and abstract 478 
computational models can be used to reciprocally inform one another to gain deeper 479 
insights into the factors that shape perceptual decision making. For both motion 480 
discrimination and contrast-change detection decisions, the initial behavioural 481 
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modelling and neural signal measurements pointed to very different explanations for 482 
age-related changes in decision making performance. However, adapting the models 483 
to take account of our neurophysiological observations by fixing certain model 484 
parameters (i.e. bound for motion discrimination, bound and drift rate for contrast-485 
change detection) and adding in others (i.e. starting point variability for motion 486 
discrimination) produced estimates of the remaining unconstrained parameters that 487 
could account for the observed ageing effects on the neural decision signals as well as 488 
behaviour. Furthermore, the neurally-constrained model fits uncovered additional 489 
effects which were in turn confirmed in follow-up neural signal analysis.  490 
 491 
Like many other studies to examine the effects of ageing using sequential sampling 492 
models10–16,19,20, our initial model fits to the behavioural data suggested that the main 493 
age-related adjustment in decision making was a widening of the decision 494 
boundaries. However, these modelling results ran contrary to our neural signals 495 
analysis, which showed no significant age-related differences in the amplitude of 496 
either the domain-general or effector-selective signatures of evidence accumulation at 497 
the time of decision report. While a Bayes factor analysis suggested that there was 498 
strong evidence to indicate a lack of age group differences in the amplitude of either 499 
the CPP or Mu/Beta activity at the time of response for the contrast-change detection 500 
task, the results for the motion discrimination task were less conclusive. However, it 501 
should be noted that the numerical group trends went in opposite directions for these 502 
two decision-related signals, with older adults showing smaller CPPs and greater 503 
Mu/Beta activity at response compared to their younger counterparts. Thus, across 504 
the two experimental tasks we observed little neurophysiological evidence to support 505 
the hypothesis that older adults set higher decision boundaries. Importantly, both of 506 
these decision-related signals have previously been shown to be modified in a manner 507 
consistent with a change in decision threshold via experimental manipulations 508 
commonly used to influence decision policies, such as altering the speed/accuracy 509 
emphasis of a task and the presentation of predictive cues34,36,41, providing confidence 510 
that these signals are sensitive enough to detect group differences in decision 511 
boundary.  512 
 513 
These neurophysiological observations suggest that, in the current experiments, 514 
younger and older adults applied similar decision policies. This is not to say that 515 
older adults do not exhibit enhanced response caution in some situations. The 516 
requirement to continuously monitor stimuli for temporally unpredictable feature 517 
changes renders our tasks qualitatively different to those used in previous work in 518 
which trials are discretely presented and the stimulus onset provides a cue for the 519 
initiation of evidence accumulation. Here, the unpredictable evidence onsets and 520 
instructions to respond only when sure likely encouraged the implementation of 521 
conservative decision policies in both groups. It may be that older adults do exhibit 522 
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relatively higher decision boundaries when placed under greater time pressure but our 523 
results highlight that any such differences do not generalise to all scenarios. 524 
 525 
A further advantage of this modelling approach is that it generated predictions 526 
regarding the neural data which would otherwise have been overlooked. Our initial 527 
analysis of the sensory encoding and decision signals elicited during the contrast-528 
change detection task provided no clear explanation as to why the older adults 529 
performed better than younger adults. While the initial model fits to the behavioural 530 
data indicated significant age group differences in both drift rate and boundary 531 
separation, we did not observe any differences in the corresponding neural 532 
measurements (decision signal build-up rates and amplitudes at response, 533 
respectively). When the model was constrained to match these neural observations, it 534 
accounted for the poorer performance of younger adults via increased trial-to-trial 535 
variability in drift rate. Thus, the neurally-constrained model yielded an empirically 536 
testable prediction that young participants should exhibit greater trial-to-trial 537 
variability in the build-up rate of the CPP and, indeed, we found this to be the case 538 
during both the contrast and motion discrimination tasks.  539 
 540 
The increased variability of drift rates and more variable decision signal build-up of 541 
the young group were also accompanied by increased variability in posterior alpha-542 
band activity, an established oscillatory marker of attentional engagement45–47. These 543 
results suggest that older participants were able to maintain attentional engagement 544 
more consistently across the duration of the tasks. It cannot be determined here 545 
whether this effect reflects a compensatory strategy on the part of the older group or 546 
increased motivation to perform well on the task. Alternatively, given the established 547 
links between heightened arousal and greater variability in evidence accumulation48, 548 
it may be that younger adults were more aroused as they completed the experiment. 549 
This heightened arousal state could also help to explain the surprising higher miss 550 
rate of the younger group; increased drift variability in the absence of other parameter 551 
differences should result in elevated miss rates. Regardless of the precise mechanisms 552 
underlying the increased drift rate variability of younger adults, these results serve to 553 
highlight how combining neurophysiological data with behavioural modelling make 554 
it possible to disentangle positive and negative ageing effects. 555 
 556 
Our work builds on an increasing trend to use decision-related signals in the human 557 
brain to constrain computational models of perceptual decision making (e.g. 16,49–53). 558 
For instance, Turner and colleagues49 have pioneered a powerful neurally-informed 559 
computational approach in which model parameters are estimated by simultaneously 560 
fitting a model to behavioural data and brain-wide BOLD activations, leading to 561 
better model fits and more accurate predictions about withheld behavioural data. This 562 
data-driven approach has proven to be particularly beneficial in overcoming the 563 
limited temporal resolution of fMRI to isolate decision-related brain structures. Our 564 
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approach is distinct from that of Turner et al. to the extent that it focuses on the 565 
dynamics of a specific set of neural signals that have been empirically verified to 566 
trace decision formation in a model-independent fashion32,33. Rather than 567 
simultaneously fitting the model to the neural and behavioural data, we first fit a 568 
standard diffusion model to our behavioural data and the recovered parameter 569 
estimates were used to generate predictions about the neural data. We then examined 570 
these decision-related neural signals and, in cases where discrepancies arose between 571 
the model results and the signal analyses, the neural data was used to constrain the 572 
model. In both experiments the constrained model was found to provide a marginally 573 
better fit to the behavioural data than the standard model. More importantly, however, 574 
the constrained model provided a much better account of the key group differences 575 
observed in our neural signatures of decision formation including the slower rate of 576 
evidence accumulation and greater noise accumulation at target onset in older adults 577 
during motion discrimination, and greater across-trial variability in evidence 578 
accumulation rates in younger subjects on the contrast-change detection task.  579 
 580 
The continuous monitoring tasks employed in the current study placed a strong 581 
emphasis on the detection of stimulus feature changes. In the version of the random 582 
dot motion task implemented here, participants frequently missed targets but 583 
incorrect discriminations were rare. Consequently, the behavioural data provided 584 
fewer constraints for modelling purposes than the discrete trial forced-choice tasks 585 
that are more typically employed in the decision making literature. Nevertheless, 586 
there is good evidence to suggest that the diffusion model behaves appropriately with 587 
these data. First, both the initial and neurally-constrained models provided excellent 588 
fits to the behavioural data from both the motion discrimination and contrast-change 589 
detection tasks (see Figures 2 & 5, as well as Supplementary Figures 1 & 3). Second, 590 
the recovered parameter estimates from the unconstrained models produced age-591 
related effects that are consistent with those reported in previous studies that 592 
employed standard two-alternative forced-choice tasks. Most notably, in keeping with 593 
the previous literature10–16, our modelling results indicated an age-dependent 594 
widening of decision boundaries for both the motion discrimination and contrast-595 
change detection tasks. Third, our neurally-informed models also captured all of the 596 
key group differences in evidence accumulation dynamics observed in our 597 
neurophysiological data. In this sense, the current study highlights how neural data 598 
can provide additional constraints for modelling data from behavioural scenarios that 599 
are in other ways not ideal for model fitting.  600 
 601 
Whereas older adults displayed smaller drift rate parameter estimates coupled with 602 
slower mean buildup rates of the abstract and effector-selective decision signals on 603 
the random dot motion task, no such effects were observed on the contrast-change 604 
task. Thus, age-related drift rate reductions are likely due to task-specific deficits in 605 
sensory encoding affecting the quality of evidence entering the decision process. 606 
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These findings are in keeping with the literature on the effects of age on sensory 607 
processing; while there is ample psychophysical and neurophysiological54–56 evidence 608 
to suggest that motion processing declines with increasing age, sensitivity to stimuli 609 
of relatively low spatial frequency and high contrast, such as the checkerboard stimuli 610 
used in the current study, appears to be preserved in older adults57–59. Thus, taken 611 
together, our neurophysiological data suggest that ageing does not lead to a 612 
fundamental decline in perceptual decision formation processes per se, but rather 613 
impacts on certain sensory inputs. An implication of these observations is that 614 
remediation strategies aimed at enhancing perceptual decisions in older adults should 615 
target those specific aspects of sensory processing that are subject to age-related 616 
decline.  617 
 618 
One of the unexpected findings to emerge from the neural data was the 619 
early build-up of the CPP in older adults on the random dot motion task. We tested 620 
the hypothesis that this early build-up reflected greater premature (i.e. pre-target) 621 
accumulation in the older group by including starting point variability parameter as a 622 
free parameter in our model on the grounds that it would capture any variance in 623 
performance due to evidence accumulation during the inter-trial interval42,60. The 624 
addition of this parameter improved the fit to behaviour and also indicated higher 625 
levels of starting point variability in the older group, consistent with our CPP 626 
observations; because the CPP manifests as a positive deflection irrespective of the 627 
participant’s choice 61,62, its amplitude at onset of coherent motion should be larger 628 
with higher levels of starting point variability. The reasons for this early buildup are 629 
unclear. One possibility is that older participants implemented a different evidence 630 
accumulation strategy in comparison to the younger group. Previous work from our 631 
lab has shown that in cases of temporal uncertainty of target onset, younger 632 
participants rely on early target selection signals to initiate neural evidence 633 
accumulation and these findings motivated our initial decision to commence the 634 
accumulation process in our models at the time of evidence onset. However, the 635 
premature buildup of the CPP exhibited by the older adults in the motion 636 
discrimination tasks suggests that it is unlikely that the decision process is started at 637 
evidence onset in this cohort. Rather, the current CPP data suggest that older adults 638 
accumulate evidence over the course of the inter-trial interval, perhaps owing to a 639 
reduced sensitivity to coherent motion onset. In this case, it is possible that both 640 
young and older participants implement a continuous “leaky” accumulation-to-bound 641 
process in which older samples of evidence are discounted as time passes63. The 642 
increased pre-target build-up of the CPP in the older adults could arise from reduced 643 
leakage, possibly as a strategic adaptation to avoid missed targets. While the 644 
introduction of starting point variability to our model allowed us to account for 645 
variations in behaviour and CPP arising from pretarget accumulation, further research 646 
will be required to establish the precise accumulation strategies that are implemented 647 
in continuous monitoring contexts.  648 
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 649 
Leveraging human brain signatures of decision formation to constrain computational 650 
signals has potential benefits that extend beyond research on ageing. Recent studies 651 
have suggested that the full drift diffusion model may be more complex than required 652 
in certain circumstances and this complexity can lead to more variable parameter 653 
estimates. The key message from these studies is that the sensitivity of diffusion 654 
models to between-group effects can be enhanced by reducing or constraining some 655 
of its parameters. However, determining which parameters should be constrained in a 656 
given experiment is not straightforward. For example, the EZ diffusion model64 does 657 
not include between-trial variability in any of its parameters and has been shown to 658 
be a more powerful tool at detecting simulated between-group effects as a result of 659 
this simplification65. Yet, our neurophysiological data suggest that its exclusion in the 660 
present context would overlook an important aspect of how ageing impacts the 661 
decision-making process. Here, we show that inspection of neurophysiological 662 
signals reflecting decision formation processes can provide a principled way of 663 
constraining the parameters of abstract decision models (see refs. 25,28,36 for similar 664 
approaches). Given the success of this approach in reconciling the differences in our 665 
behavioural and neural indices of decision making, this study paves the way for using 666 
similar techniques to address questions in clinically-relevant groups with impaired 667 
decision making, such as those with ADHD (e.g. ref. 66) and those suffering from 668 
addiction (e.g. ref. 67). 669 

 670 

 671 

Methods 672 
 673 
Participants 674 
 675 
Thirty-nine younger and 42 older adults volunteered to take part in the study with the 676 
sample size determined by a power analysis (see below for details). The younger 677 
participants were recruited from the student population of Trinity College Dublin and 678 
compensated with research credits for their time, while older participants were 679 
recruited from the Trinity College Institute of Neuroscience volunteer participant 680 
panel. Criteria for inclusion in the study were right-handedness; normal or corrected-681 
to-normal vision; no personal history of neurological or psychiatric illness, brain 682 
injury, abuse of substances or use of psychotropic drugs; no personal history or 683 
family history of epilepsy, unexplained fainting or sensitivity to flickering light; and a 684 
minimum score of 26 on the Mini Mental State Examination (MMSE). The age 685 
groups were matched for gender and years of education (Younger: 15.1, Older: 15.9), 686 
however, the younger group had a significantly higher average score on the MMSE 687 
than the older group (Young: 28.8, Older: 27.7, p<0.001). All participants were naive 688 
to the purposes of the study and provided written consent to participate. Participants 689 
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were excluded if more than two-thirds of their trials were rejected due to EEG 690 
artifacts. This led to the rejection of two young participants and four older 691 
participants on the random dot motion task and one young participant and four older 692 
participants on the contrast-change detection task. A further two young and seven 693 
older participants were excluded from the random dot motion task due to technical 694 
issues during data acquisition. Following participant rejection for each experiment, 695 
there was a final sample of 35 younger adults (17 males, age range: 18-38, mean age: 696 
22 years old) and 31 older adults (13 males, age range: 66-83, mean age: 74 years 697 
old) on the random dot motion task and a sample of 38 younger adults (15 males, age 698 
range: 18-38, mean age: 22 years old) and 38 older adults (16 males, age range: 66-85 699 
years old, mean age: 74 years old) on the contrast-change detection task. Previous 700 
research conducted by one of the authors on a similar topic78 indicated large effects of 701 
age on the stimulus-locked P300 (Cohen’s d=1.1) and our sample sizes were 702 
calculated to detect age effects approximately half this size. Our final sample sizes 703 
were sufficient to detect effect sizes of Cohen’s d =0.61 on the random dot motion 704 
task and Cohen’s d =0.58 on the contrast-change detection task with greater than 0.8 705 
probability. All recruitment and experimental procedures were approved by the 706 
School of Psychology Research Ethics Committee, Trinity College Dublin. 707 
 708 
Procedure 709 
 710 
Participants performed a continuous version of the random dot motion discrimination 711 
task32 and a contrast-change detection task33. Both tasks were completed in the same 712 
session in a darkened and sound-attenuated room, with the order of the tasks pseudo-713 
randomised across participants. In the same testing session, participants also 714 
participated in a visual oddball task, the results of which will be reported in a 715 
subsequent publication. Stimuli were presented on a 51 cm CRT monitor operating at 716 
85 Hz and a resolution of 1024x768. Participants were seated at a distance of 55 cm 717 
from the display and were instructed to fixate a centrally-presented fixation point at 718 
all times during task performance. Prior to each task, participants carried out a 719 
practice block to familiarise themselves with the task and stimuli. During practice 720 
sessions, participants were given feedback on hits, misses and false alarms.  721 
 722 
Random dot motion task 723 
 724 
Participants continuously monitored a patch of incoherently moving dots for 725 
intermittent targets defined by a period of coherent motion in the leftward or 726 
rightward direction (Figure 1a). Motion direction and coherence level (30% or 60%) 727 
were varied independently and randomly on a target-by-target basis. To facilitate the 728 
measurement of motor preparation signals, participants were asked to indicate 729 
leftward motion with a left-hand button press and rightward motion with a right-hand 730 
button press. Participants were instructed to avoid guessing and to respond as soon as 731 
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they were certain they perceived coherent motion. The inter-target interval, during 732 
which the incoherent motion was continuously displayed, lasted 3, 5 or 7 seconds and 733 
was randomly chosen on a target-by-target basis.  734 
 735 
Motion stimuli were presented within an 8-degree aperture centred on the fixation 736 
point and were displayed against a black background. During incoherent motion, an 737 
average of 150 white dots (each 6 x 6 pixels) were placed randomly and 738 
independently within the circular aperture on each of a sequence of 58.8 ms frames 739 
played at 17 frames per second. During coherent motion, a proportion of the dots 740 
were randomly selected on each frame to be displaced in either a leftward or 741 
rightward direction on the following frame at a speed of 6 degrees per second. In 742 
order to accommodate very slow responses from older participants, coherent motion 743 
targets were displayed for a maximum of 10 seconds or until 500 ms after the 744 
participant responded. Participants completed 6 blocks of the task, each lasting 745 
approximately 5 minutes and comprising 30 targets. 746 
 747 
Gradual contrast-change detection task  748 
 749 
Participants continuously monitored a flickering (21.25Hz) annular checkerboard 750 
pattern for intermittent targets defined by a gradual decrease in contrast. The 751 
checkerboard stimulus (inner radius=3 degrees, outer radius=8 degrees) consisted of 752 
alternating light and dark radial segments presented against a dark grey background 753 
and was located in the centre of the display. Targets consisted of a linear decrease in 754 
contrast from 70 to 40% over a period of 1.6 seconds followed by a return to 70% 755 
contrast over a further 0.8 seconds (Figure 4a). The inter-target interval, during which 756 
the stimulus flickered at 70% contrast, lasted 3, 5 or 8 seconds and was randomly 757 
chosen on a target-by-target basis. Participants were instructed to avoid guessing and 758 
to make a mouse button press with their right index finger as soon as they were 759 
certain that the annulus was decreasing in contrast. Participants completed 4 blocks of 760 
the task, each lasting approximately 4 minutes and comprising 24 targets. 761 
 762 
EEG acquisition and preprocessing  763 

Continuous EEG data were recorded using an ActiveTwo system (Biosemi, The 764 
Netherlands) from 64 scalp electrodes and digitised at 512 Hz. Electrodes were 765 
arranged using the standard 10/20 setup. Vertical and horizontal eye movements were 766 
recorded from four electro-occulogram (EOG) electrodes located above and below 767 
the left eye and at the left and right outer canthus, respectively. Data were analysed 768 
using custom-made scripts in MATLAB (MathWorks) drawing on EEGLAB routines 769 
for reading data files and for spherical interpolation of noisy channels68. EEG data 770 
were re-referenced offline to the average reference and low-pass filtered to 40Hz 771 
using a two-way least-squares FIR filter.  772 
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EEG data were segmented into epochs of -750 to 2500 ms and -750 to 2100 ms for 773 
the random dot motion and gradual contrast-change detection tasks, respectively. For 774 
the gradual contrast-change detection task, epochs were baseline-corrected relative to 775 
the average signal in the 250 ms interval preceding target onset. Inspection of the data 776 
from the random dot motion task revealed that, on average, the onset of the CPP of 777 
the older group occurred before the onset of coherent motion (see Supplementary Fig. 778 
2), suggesting a tendency towards premature evidence accumulation onset due to 779 
temporal uncertainty of the stimulus onset. Epochs were therefore baseline-corrected 780 
to the average signal from -600 to -500 ms with respect to coherent motion onset. 781 
Trials were rejected if the bipolar vertical EOG signal (upper minus lower) exceeded 782 
an absolute value of 200 μV or if any scalp electrode signal exceeded 100 μV within 783 
a window of 750 ms pre-stimulus to 150 ms post-response. EEG data were converted 784 
to current source density69 to increase spatial selectivity and to reduce the spatial 785 
blurring effect of volume conduction.   786 

Signal analysis 787 

SSVEP: In the contrast-change detection task the contrast-dependent steady-state 788 
visual evoked potential (SSVEP) provided a cortical representation of the sensory 789 
evidence. The SSVEP was measured at a frequency of 21.25 Hz using the discrete 790 
Fourier transform over a window of exactly 10 cycles (470 ms) of the stimulus flicker 791 
frequency in order to attenuate spectral leakage. We first identified the region of 792 
maximum amplitude of the SSVEP on the grand-average scalp topography over 10 793 
cycles of the SSVEP immediately prior to target onset. For each participant, the 794 
pretarget SSVEP amplitude was averaged across trials and normalised by dividing by 795 
the average amplitude at 21.25 Hz across all electrodes and trials. This normalisation 796 
step was required to account for inter-individual differences in the amplitude of the 797 
SSVEP70,71. A further baseline correction step was then applied by dividing the 798 
normalised SSVEP at each electrode by the average amplitude measured across all 799 
frequencies. On the basis of the resulting topographies, the SSVEP was averaged 800 
over 6 electrodes centred on standard sites Oz and POz for both age groups.  801 

The temporal evolution of the SSVEP was measured for each participant by 802 
calculating the average SSVEP amplitude across trials over a 10-cycle window at the 803 
start of the epoch and progressively moving the window forward by one sample (step 804 
size= 50 ms) until the SSVEP was calculated across the entire stimulus- and 805 
response-locked epochs. The SSVEP was then normalised relative to the 470 ms 806 
pretarget window for each participant.  807 

CPP: The timecourse of evidence accumulation was indexed by a centro-parietal 808 
positivity (CPP) in the event-related potential32,33. Stimulus-locked CPP waveforms 809 
were generated for each participant by averaging the single-trial epochs defined in 810 
EEG acquisition and preprocessing. Response-locked CPPs were derived by 811 
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extracting epochs from -900 to 300 ms relative to the time of the response, retaining 812 
the same prestimulus baseline intervals as the stimulus-locked waveforms. For both 813 
tasks and age groups, CPP amplitude and latency were measured at a single electrode 814 
centred on the region of maximum component amplitude identified in the grand-815 
average response-locked scalp topography (standard site Pz). The peak magnitude of 816 
the response-locked CPP was calculated as the maximum voltage within the -100 ms 817 
to 100 ms window centred on the individual response time. The buildup rate of the 818 
response-locked CPP was measured as the slope of a straight line fitted to the 819 
unfiltered ERP waveform over a time window of -250 to -100 ms.   820 

Mu/Beta:  On the random dot motion task, motor preparation signals were indexed as 821 
a decrease in lateralised oscillatory activity in the Mu and Beta bands (8-30Hz) 822 
excluding the single frequency bin at precisely 17 Hz (stimulus flicker frequency). 823 
Oscillatory power in the Mu/Beta band was measured in the hemisphere contralateral 824 
to the hand used to indicate the direction of dot motion. Mu/Beta power was 825 
measured over electrodes C3 and CP3 for right responses and C4 and CP4 for left 826 
responses with the electrode sites selected on the basis of the grand-average response-827 
locked scalp topographies. Contralateral signals for right and left responses were 828 
averaged to produce a single contralateral waveform for each motion coherence 829 
condition. The temporal evolution of the Mu/Beta power was measured via a sliding 830 
boxcar window of 412 ms with a 58 ms step size. For each participant, Mu/Beta 831 
amplitude was normalised relative to the average signal from -600 to -500 ms with 832 
respect to coherent motion onset. 833 

On the contrast-change detection task, lateralised Mu/Beta power was measured as 834 
the oscillatory power in the 8-30 Hz range excluding the 21.25 Hz frequency bin 835 
(stimulus flicker frequency) over the standard left hemisphere motor site C3. The 836 
temporal evolution of the Mu/Beta power was measured via a sliding boxcar window 837 
of 470 ms with a 50 ms step size. For each participant, Mu/Beta amplitude was 838 
normalised relative to the 470 ms pretarget window. The slope of the response-locked 839 
Mu/Beta power was measured over a time window of -300 to 50 ms in the response-840 
locked waveform, while the trough of the Mu/Beta power was measured within the -841 
100 ms to 100 ms window centred on the individual response time. 842 

Alpha: The degree of attentional engagement during task performance was indexed 843 
by variability in pretarget alpha-band activity. For each participant, the average alpha 844 
amplitude (8-14 Hz) was calculated over the 707 ms (exactly 15 cycles of the 845 
SSVEP) interval prior to target onset across all 17 posterior electrodes. To assess the 846 
variability of alpha power between the two age groups, the coefficient of variation 847 
was calculated by dividing the standard deviation of pretarget alpha amplitude by the 848 
mean activity. The coefficient of variation is closely related to the standard deviation 849 
of a sample; however, it is not dependent on the sample mean72 and is therefore an 850 
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appropriate measure for situations in which there is potentially a difference in sample 851 
means. 852 

 853 
 854 
 855 
Statistical analysis 856 
 857 
All statistical tests were two-tailed. In cases where data violated parametric test 858 
assumptions, equivalent non-parametric tests were carried out. To determine the 859 
relative strength of evidence behind our approach of fixing parameters in the drift 860 
diffusion model based on our neural signals analysis, we conducted a Bayes factor 861 
analysis of the slope and amplitude measures of the CPP and Mu/Beta power for each 862 
task using JASP73. The Bayes factor overcomes some of the issues associated with 863 
null hypothesis significance testing by quantifying the relative likelihood of the data 864 
under the null versus the alternative hypothesis. Specifically, for Bayesian 865 
alternatives to the t-test we calculated the Jeffrey, Zellner and Siow (JZS; see ref. 74) 866 
Bayes factor with an effect size of 1 to determine the strength of evidence in 867 
favour/against a group-level difference in the slope and peak amplitude of the neural 868 
signals of interest in each task. All Bayesian ANOVAs used the default settings in 869 
JASP (r scale fixed effects=0.5, r scale random effects=1, r scale covariates=0.354).  870 
A JZS Bayes factor can be interpreted such that a value of three favours the null 871 
hypothesis three times more than the alternative hypothesis, while a value of one 872 
third favours the alternative three times more than the null.  873 
 874 
Drift diffusion modelling 875 

Behavioural data from the gradual contrast-change detection and random dot motion 876 
tasks were fit with one-choice43 and two-choice75 drift diffusion models, respectively. 877 
Drift diffusion models assume that decisions are made through a noisy accumulation 878 
process in which sensory evidence is accumulated over time from a starting point, z, 879 
and a response is initiated when the cumulative evidence reaches the correct, a, or 880 
incorrect, 0, response boundary (see Figure 2a). The rate of accumulation is called the 881 
drift rate, v, and is assumed to reflect the quality of information driving the decision 882 
process. The mean drift rate can vary across trials and this variability is assumed to 883 
be normally distributed with a standard deviation of η. There is also within-trial 884 
variability, or noise, in the evidence accumulation process. This allows that processes 885 
with the same mean drift rate terminate at different times, leading to a distribution of 886 
response times (RTs), and occasionally at the wrong boundary, leading to incorrect 887 
responses. The noise within a trial is also assumed to be normally distributed with a 888 
standard deviation of s and is fixed at 0.1 to scale the other parameters76. All non-889 
decision related processing is accounted for by a single non-decision parameter, ter, 890 
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that incorporates additive delays associated with sensory encoding and motor 891 
execution. For the contrast-change detection task, we assumed that the drift rate rose 892 
linearly over the duration of the target stimulus to reflect the ramping evidence signal 893 
(i.e. decreasing contrast) in this task. Guided by our neurophysiological observations 894 
from the motion discrimination task, we also introduced across-trial starting point 895 
variability (sz) into the model for that experiment and this was assumed to be 896 
uniformly distributed. Given the continuous nature of the experimental tasks, we 897 
made an additional assumption that if the evidence accumulation process had not 898 
terminated at one of the response boundaries by a time deadline, the trial was 899 
classified as a miss (see also ref. 77). The response deadlines were set to 10,000 ms 900 
and 1750 ms for the random dot motion and contrast-change detection tasks, 901 
respectively. We also made the additional assumption that the evidence accumulation 902 
process commenced following target onset. This decision was motivated by previous 903 
work from our lab showing that in scenarios involving temporal uncertainty of target 904 
onset, early target selection signals appear to play a role in initiating the neural 905 
evidence accumulation process40. 906 

Unlike discrete versions of the random dot motion task, erroneous discriminations on 907 
the continuous version of the task were rare (~1% and 4% of targets in young and 908 
older participants, respectively). Several features of the data suggest that the few 909 
errors that did occur were likely not the result of evidence accumulation towards the 910 
incorrect decision boundary, but rather arose from erroneous action selection. First, 911 
older adults made significantly more errors when coherence was high than when it 912 
was low (5.4% vs. 2.6%, W=260, p<0.001, Mann-Whitney test), a pattern 913 
inconsistent with the predictions of the diffusion model (for example, see ref. 75). 914 
Second, error rates were greater than false alarms rates for both younger and older 915 
adults (Younger: 0.004 vs. 0.002 per second, p=0.01, Older: 0.015 vs. 0.004 per 916 
second, p<0.001, Wilcoxon signed rank test). Given that false alarms occur in 917 
conditions with no sensory evidence (i.e. drift rate=0) and errors occur with a positive 918 
drift rate diffusing towards the correct decision boundary, if errors reflected crossings 919 
of the incorrect decision boundary we would expect to see fewer errors than false 920 
alarms. Together these observations suggest that most of the errors we observe on the 921 
motion discrimination task do not arise from the evidence accumulation process 922 
itself. As a result, errors were excluded from the diffusion modelling analysis of the 923 
motion discrimination data. 924 

We fit a number of diffusion models to the behavioural data from each perceptual 925 
task with varying parameter constraints and estimated parameter values by 926 
minimising the G2 statistic with a SIMPLEX minimisation routine. In order to fit the 927 
model to the data, five RT quantiles (0.1, 0.3, 0.5, 0.7, 0.9) were calculated from the 928 
RT distribution on correct trials and the proportion of trials lying between those 929 
quantiles were multiplied by the total number of trials to yield observed values. All 930 
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RTs lying between 0 ms and the deadline in each task were included in these fits. 931 
These quantiles were then fed into the drift diffusion model to calculate the simulated 932 
proportion of trials that lay between these RT quantiles and were multiplied by the 933 
total number of trials to yield the model-derived expected values. The goodness-of-fit 934 
between the observed values and expected values was calculated via a G2 test and this 935 
statistic was minimised to provide estimates of the key model parameters. In models 936 
where parameters were constrained to reflect a lack of an age group difference in our 937 
neurophysiological observations, parameters were fixed to the mean of the young and 938 
older estimates from the unconstrained model fit to the pooled data. Model 939 
comparisons were performed using Bayes Information Criterion (BIC). The BIC 940 
provides a trade-off between model complexity and goodness-of-fit, favouring a 941 
model with less parameters if the differences in the degrees of freedom outweigh the 942 
gains associated with a better model fit. The preferred model for each task was 943 
chosen based on which produced the smallest BIC value.   944 

For each experiment, we fit the model to the data in two ways. First, we pooled data 945 
across participants and fit the model separately to the younger and older group data. 946 
Here our approach was to find the most parsimonious version of the model (fewest 947 
number of parameters) to adequately fit the data in order to avoid overfitting (see ref. 948 
65 for discussion of this topic). To this end, we first attempted to fit the pooled data 949 
with just the core components of the drift diffusion model free to vary (drift rate, 950 
decision boundary and non-decision time). However, this initial model did not 951 
provide a good fit to the data and through model simulations we identified that we 952 
also needed to include between-trial drift rate variability as a free parameter to 953 
capture the shape of the RT distributions. The addition of between-trial drift rate 954 
variability greatly reduced G2 values in both the younger and older data. Therefore, 955 
we fit this model to each participant’s data individually and averaged the resulting 956 
parameter values across participants. These recovered parameter values were then 957 
subject to inferential statistical analyses.  958 
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