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Abstract

Magnitudes or quantities of the diªerent dimensions that de�ne a stimulus (e.g., 
space, speed or numerosity) in�uence the perceived duration of that stimulus, a phe-
nomenon known as (temporal) interference eªects. �is complicates studying the 
neurobiological foundation of the perception of time, as any signatures of temporal 
processing are tainted by interfering dimensions. In earlier work, in which judgements 
on either time or numerosity were made while EEG was recorded, we used Maxi-
mum Likelihood Estimation (MLE) to estimate, for each participant separately, the 
in�uence of temporal and numerical information on making duration or numerosity 
judgements. We found large individual diªerences in the estimated magnitudes, but 
ML-estimates allowed us to partial out interference eªects. However, for such ana-
lyses, it is essential that estimates are meaningful and stable. �erefore, in the current 
study, we examined the reliability of the MLE procedure by comparing the interfe-
rence magnitudes estimated in two sessions, spread a week apart. In addition to the 
standard paradigm, we also presented task variants in which the interfering dimension 
was manipulated, to assess which aspects of the numerosity dimension exert the lar-
gest in�uence on temporal processing. �e results indicate that individual interference 
magnitudes are stable, both between sessions and over tasks. Further, the ML-estima-
tes of the time-numerosity judgement tasks were predictive of performance in a stan-
dard temporal judgement task. �us, how much temporal information participants 
use in time estimations tasks seems to be a stable trait that can be captured with the 
MLE procedure. ML-estimates are, however, not predictive of performance in other 
interference-tasks, here operationalized by a numerical Stroop task. Taken together, 
the MLE procedure is a reliable tool to quantify individual diªerences in magnitude 
interference eªects and can therefore reliably inform the analysis of neuroimaging 
data when contrasts are needed between the accumulation of a temporal and an in-
terfering dimension.
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Introduction

Our subjective experience of the duration of an event is in�uenced by concurrent 
magnitude information of the very same event or stimulus. Examples of these tem-
poral magnitude interference eªects on time are the eªect of space (Cai & Connell, 
2016; Cai, Wang, Shen, & Speekenbrink, 2018; Casasanto & Boroditsky, 2008; Xuan 
et al., 2007), numerosity (Dormal et al., 2006; Hayashi, Kanai, et al., 2013; Hayashi, 
Valli, & Carlson, 2013; Xuan et al., 2007), or numerical magnitudes (Cai & Wang, 
2014; Chang et al., 2011; Oliveri et al., 2008; Xuan et al., 2007), Usually ‘more’ in 
the non-time dimension leads to an increased likelihood of ‘longer’ judgements in 
the time dimension. While such interference eªects on duration judgements may be 
instrumental to understanding the links between temporal cognition and other psy-
chological processes (Matthews & Meck, 2016), they represent a signi�cant problem 
or nuisance in research that seeks to elucidate the neural underpinnings of duration 
estimation. �at is, in these tasks participants are often asked to either estimate the 
duration of a stimulus and ignore the other magnitude, or, vice versa, to estimate the 
other magnitude and ignore the duration. By means of comparing the diªerences in 
neural signatures of both estimations, researchers aim to identify which neural sig-
nals are speci�c to timing. �us, these interference eªects work against the primary 
goal and rationale of the methods employed in such research: to isolate the neural 
systems and mechanisms involved in duration estimation by using suitable tasks and 
appropriate control conditions. 

Several considerations or desiderata pertain to a proper design of a neuroimaging 
study of duration estimation. First, the process at issue can be conceptualized as 
one in which information about a quantity (here time) accumulates from stimulus 
onset to oªset, with the accumulated total corresponding to the duration judgment. 
While accumulation of information over time is inherent to temporal judgements, it 
is not for other stimulus dimensions. To establish speci�city with respect to temporal 
magnitude, a matching task is required in which participants estimate and report 
the accumulated total with regard to another stimulus dimension, such as dominant 
color (e.g., Bueti & Macaluso, 2011; Coull et al., 2004) or the total distance a dot 
travelled (e.g., Coull, Charras, Donadieu, Droit-Volet & Vidal, 2015). To ensure si-
milarity to the timing task and sustained attention to the stimulus, the non-temporal 
dimension should also be presented dynamically over time, so that information has 
to be accumulated from stimulus onset to oªset. Second, to equate the two tasks in 
terms of sensory input, stimuli in both tasks should contain both the temporal and 
the non-temporal dimension, thus conveying both relevant and irrelevant magnitu-
de information in both tasks or conditions. A clear contrast between the two tasks 
would be obtained only if participants were able to selectively attend and process only 
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the relevant stimulus dimension. However, as the behaviorally well-established ma-
gnitude interference eªects demonstrate, participants tend to process both relevant 
and irrelevant magnitude information in both conditions, rendering a comparison 
between the two tasks inferentially problematic and less informative. 

In this paper, we describe and test the reliability of a Maximum Likelihood Esti-
mation (MLE) procedure that can potentially disentangle the processing of temporal 
and other magnitudes at the level of individual participants. Its results suggest that 
there are strong and seemingly stable individual diªerences in the size of temporal 
magnitude interference eªects, with a sizable subset of participants apparently being 
quite capable of selectively attending to relevant magnitude information only. We 
will discuss how such results can signi�cantly inform and strengthen analyses in 
neuroimaging studies of duration estimation.

In a recent EEG, study we investigated neural signatures of duration estimation 
compared to numerosity estimation (Schlichting, de Jong, & Van Rijn, 2018). On 
each trial, participants saw two consecutive stimuli consisting of a series of blue dots 
dynamically appearing and disappearing on a black screen, together forming a cloud 
of dots. Each stimulus was characterized by its duration and the total number of dots 
it contained (see  2.1A for a schematic depiction). Because of its visual appearance, 
we refer to this task as the Dynamic Raindrops task. Participants were asked to 
judge whether the second stimulus appeared for a shorter or longer duration (time 
condition) or consisted of fewer or more dots (numerosity condition). Replicating 
previous �ndings (see Matthews & Meck (2016) for a review), the behavioral data 
indicated that judgements on time were signi�cantly aªected by numerosity, whereas 
numerosity judgements were relatively resilient to interference eªects. Upon closer 
inspection, we found large individual diªerences in the extent to which participants 
showed interference eªects, that is, how strongly irrelevant magnitude information 
aªected their decisions. In order to quantify individual strength of interference ef-
fects we used a MLE procedure to estimate, per participant and condition (i.e., time 
and numerosity), how much each dimension was taken into account when making a 
decision. �e output of the procedure are two parameters or weights, ωtime and ωnumber, 
which represent the weights by which time and number information contribute to 
the overall evidence in favor of one or the other response alternative. For example, a 
good ‘timing’ participant (i.e., a participant who shows little or no interfering eªect 
of numerosity on time) would have a high ωtime and a low ωnumber in the time condition. 
Based on the estimated weights, we categorized participants into a group showing 
only little or no interference eªects and a group showing stronger interference ef-
fects to guide analysis of the EEG data, with the idea that it is in particular the 
data of the �rst group, whose members were apparently quite capable of following 
instructions to selective attend only the relevant magnitude dimension, that would 
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Figure 2.1: Schematic depiction of task design. A, B, In a comparison task participants had to 
judge whether the second stimulus was longer or shorter (time dimension) or consisted of fewer 
or more dots (number dimension) than the �rst stimulus. Participants were cued before blocks of 
eight trials which dimension would be the target dimension for the next trials. Stimuli consisted 
of clouds of small blue dots which appeared and disappeared dynamically on the screen (Dynamic 
Raindrops, panel A) or stayed on screen for the whole interval (Static Raindrops, panel B). Either 
the �rst or second stimulus was always the standard stimulus, lasting for 1800 ms and consisting 
of 30 dots in total, while the other stimulus could take on one of six comparison magnitudes in 
both dimensions. C, Here, participants only had to make a judgement based on time. Intervals 
were marked by a grey circle changing color to blue and back to grey. �e same durations as in 
the Raindrops tasks were used in the temporal comparison task. D, In the numerical Stroop task 
participants had to report how many items were on the screen. �ree conditions were employed: 1) 
congruent (digit magnitude corresponded to number of items), 2) incongruent (digit magnitude 
did not correspond to number of items), and 3) control (letters). All tasks were self-paced, that is, 
the next trial only started after a response was given.
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be more likely to reveal dimension-speci�c neural diªerences. In fact, inclusion of 
the second group, as in more traditional analyses across all participants, might dilute 
and potentially even obscure such diªerences. Note that the weights are estimates of 
the true underlying weights, that is, they are subject to noise because of, for example, 
limitations in experimental design (e.g., number of trials).

�us, for a performance-based procedure as described above to yield meaningful 
and reliable results, the ML-estimated weights should provide reasonably accurate 
and reliable estimates of the true underlying weights for each individual participant. 
�is can, for example, be attained by including a su®cient number of trials (Miller & 
Ulrich, 2013). More interestingly, the procedure would be most generally useful and 
powerful if true underlying weights, and their empirical estimates, are stable over 
time. From a conceptual perspective, individual diªerences in the size of temporal 
magnitude interference eªects would seem most interesting if these represented a 
relatively stable trait. From a practical perspective, such stability is necessary when 
aggregating data over multiple sessions or when selecting participants for subsequent 
neuroimaging studies based on the results of behavioral screening sessions. Such sta-
bility of test results over time is typically referred to as test-retest reliability. Recently, 
several authors have drawn attention to the fact that test-retest reliabilities of many 
popular and well-established cognitive tasks in psychology and neuroscience are sur-
prisingly low, given their common use. Hedge, Powell and Sumner (2017) describe 
the statistical issues associated with well-established tasks often having poor relia-
bilities as the reliability paradox: �e very reason that such tasks produce robust and 
easily replicable eªects – low between-individual variability – also tends to cause low 
reliabilities of these eªects, making their use as correlational tools problematic. �e-
se authors also suggested that these statistical issues, while having a long history in 
psychology, tend to be widely overlooked in cognitive psychology and neuroscience 
today (for related concerns, results, and possible remedies, see Green et al., 2016; 
Miller & Ulrich, 2013; Paap & Sawi, 2016). �us, the �rst aim of the present study 
was therefore to empirically establish the test-retest reliability of the ML-estimated 
weights for time and number information in the Dynamic Raindrop task, using two 
sessions separated by six to eight days.

�e second aim of the present study was to shed more light on the nature of 
the use of temporal and numerical information when making comparative tempo-
ral judgments in the Dynamic Raindrops task. As explained earlier, to allow for a 
properly matched task, evidence for the non-temporal magnitude should also accu-
mulate over time. However, this introduces an emergent and highly salient visual 
feature, the rate of appearance/disappearance of raindrops. Even though rate is not 
necessarily constant over the presentation of one stimulus due to the raindrops’ ran-
dom onsets, here we will focus on the average rate during stimulus duration. Given 
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the short life time of individual drops and their randomized onsets, this average 
rate is closely associated with the average number of raindrops visible during sti-
mulus duration. Note that the average rate for a stimulus also corresponds to the 
total number of raindrops divided by stimulus duration. �is means that interference 
eªects on temporal judgments might be based on numerosity, on average rate, or 
on a combination of these two potential factors. In the experiments reported here, 
stimulus numerosity and duration were quasi-randomly combined so as to keep the 
negative and positive correlation of average rate with duration and numerosity close 
to -.5 and .5 respectively (but at a cost of thereby introducing a .5 correlation between 
duration and numerosity; see Schlichting, de Jong & Van Rijn (2018) and Methods 
for details). Because of the simple mathematical relationship between duration, nu-
merosity and average rate the MLE procedure is not able to diªerentiate between 
these three factors and models exhibit mimicry behavior. However, strong reliance 
on rate information in the Dynamic task version will have marked eªects on the 
estimated weights for temporal and numerical information: For instance, suppose 
that in the Dynamic Raindrops task numerosity has an interfering eªect on temporal 
judgments (i.e., ‘more’ leads to an increased likelihood of ‘longer’ judgments); and 
suppose further that also average rate has an eªect on temporal judgments (as average 
rate will be strongly negatively correlated with duration across trials and positively 
correlated with numerosity, higher average rate can be expected to lead to a decreased 
likelihood of ‘longer’ judgments). As rate is positively correlated with numerosity, but 
these factors have opposite interfering eªects on temporal judgment, their combined 
eªects tend to cancel out and could mask interference eªects.

In the present study, we used two diªerent versions of a Static version of the 
Raindrops task (Figure 2.1B) to assess the possible usage of rate information in tem-
poral judgments in the Dynamic Raindrops version, based on the following rationa-
le: When rate information is taken away, as in the Static Raindrops task, this should 
give rise to marked changes in these estimated weights, resulting in relatively low 
correlations between Dynamic and Static tasks. �erefore, in the �rst session, we in-
cluded a Static version of the Raindrops task with the .5 correlation between nume-
rosity and duration left intact. In the second session, we included a Static version but 
now with the correlation between numerosity and duration removed – to the extent 
that this correlation aªected performance in the Dynamic Raindrops task, its remo-
val should be expected to yield even lower correlations. �e comparison of the two 
versions of the Static Raindrops task will shed additional light on whether the ar-
ti�cially introduced correlations between time and numerosity aªected participants 
markedly in the way they incorporate task-relevant and task-irrelevant information

Additionally, we were interested in the generalizability to other, non-magni-
tude tasks. For this purpose, we tested the relation between ωtime estimates in the 
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Raindrops tasks and level of performance in a timing task without any interfering 
dimension (Figure 2.1C). Further, we tested the relation between temporal magni-
tude interference eªects to other well-established interference eªects, here Stroop in-
terference in a numerical Stroop task (Figure 2.1D). We chose the numerical Stroop 
task because it produces relatively stable Stroop eªects compared to the colour-word 
Stroop task (Martínez-Loredo, Fernández-Hermida, Carballo, & Fernández-Arta-
mendi, 2017; Siegrist, 1997; Strauss, Allen, Jorgensen, & Cramer, 2005).

All results reported and discussed here are based on data from the time condi-
tion, which is the condition of main interest in the literature discussed earlier, and 
the focus of our earlier work. Moreover, we observe more pronounced interference 
eªects in this condition. However, all scripts to run the experiments and analyses, 
all data, as well as analyses and results based on the number condition can be found 
online at osf.io/b73u2.

Materials & Methods

Ethics Statement
�e research was conducted in accordance with the Declaration of Helsinki; the 

Ethical Committee Psychology of the University of Groningen approved the experi-
ments and procedures (identi�cation number 16218-S-NE). Participants gave written 
informed consent prior to testing. 

Participants
Fifty-six participants enrolled in the Bachelor program Psychology at the Uni-

versity of Groningen participated in the experiment in exchange for course credits. 
Due to technical problems, data of seven participants was not saved correctly, and 
thus discarded. A further eight participants were excluded from the analysis because 
of too varying or suboptimal performance suggesting non-compliance with instruc-
tions. Speci�cally, exclusion was based on four performance measures, derived from 
a logistic function �tted to each participants data using the Psigni�t toolbox version 
3.0 for Matlab (Fründ, Haenel & Wichmann, 2011): participants were excluded 1) if 
their Weber Ratio (computed as half the distance between values that support 25 and 
75% of "longer" ("more") responses normalized by the Point of Subjective Equality), 
averaged over all tasks, was larger than 0.5, 2) if the standard deviation of the Weber 
Ratios over all tasks was larger than 0.4 (hinting at a large variability in performance), 
3) if the diªerence between the highest and lowest Weber Ratio was larger than 1, 
and 4) if the proportion of correct responses in relatively easy trials was lower than in  
 



Time & Numerosity (Part II) 49

relatively di®cult trials in more than one task . �e �nal sample comprised data of 41 
participants (25 female) aged between 18 and 26 years (M = 20.27 years).

Stimuli and Task
All stimuli and tasks were created using Matlab 7.13 (�e MathWorks) and the 

Psychophysics toolbox version 3.0.12 (Brainard, 1997) running under Windows 7 
(version 6.1) and displayed on a 1280 × 1024 CRT-monitor screen with a refresh rate 
of 100 Hz.

Dynamic Raindrops task. In a comparison task participants had to judge 
whether the second stimulus (S2) presented in a trial was shorter or longer (time 
dimension) or consisted of fewer or more dots (number dimension) than the �rst sti-
mulus (S1), whereby either S1 or S2 was always the standard stimulus (Fig 1). Par-
ticipants were cued in advance whether they had to make a judgement on time or on 
number. Clouds of blue dots served as stimuli (RGB: 0, 0, 255). Each cloud consis-
ted of single dots that appeared and disappeared dynamically on a black screen. �e 
duration of each stimulus was marked by the appearance of the �rst dot (onset) and 
disappearance of the last dot (oªset). �e number of dots was determined by the total 
number of dots presented. Each stimulus could vary simultaneously and independent-
ly in time and number. 

�e lifetime of each dot (i.e., the interval between appearance and disappearance 
of the dot) was sampled from a uniform distribution between 400 and 800 ms. Mul-
tiple dots could be visible at the same time, and it was ensured that at least one dot 
would be on screen during the interval. Dots had a radius of 2.5 px and appeared wi-
thin a virtual ring with an outer radius of 150 px and an inner radius of 50 px around 
the �xation cross. Positions of single dots within one trial were chosen randomly, 
with the constraint that dots could not overlap in space (i.e., they were separated by 
at least 10 px). �e standard stimulus was set to a duration of 1800 ms and to consist 
of 30 dots in both time and number trials. �e probe stimuli in both dimensions took 
six possible magnitude values de�ned as 1.1-4, 1.1-2, 1.1-1, 1.11, 1.12 and 1.14 times the 
standard magnitude (to ensure precise presentations timing, durations were rounded 
to the second and number of dots was rounded to the nearest integer), resulting in 
durations of 1230, 1490, 1630, 1980, 2180 and 2640 ms, and 20, 25, 27, 33, 36, and 44 
dots. Probe stimuli can be further categorized as congruent (i.e., both dimensions vary 
in the same direction, e.g., shorter and fewer dots) and incongruent (i.e., dimensions 
vary in diªerent directions, e.g., shorter and more dots).

A consequence of the dynamic nature of this experimental design is that both 
the task-irrelevant dimension (i.e., number in time-trials and time in number-trials) 
as well as the rate of drop appearance (i.e., how quickly drops appear and disappear) 
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can be predictive of the task-relevant dimension. For example, during the presentation 
of T1N6 the maximum number of dots would appear during the shortest duration 
so that the rate of dots appearing would be very fast. To limit predictiveness of the 
task-irrelevant dimension and the rate of dot appearance on the dimension to be 
judged, the task-irrelevant magnitude was chosen randomly from a weighted uniform 
distribution. Weights were 0.8 for the same magnitude as the task-relevant magni-
tude, and 0.75, 0.55, 0.25, 0.05 and 0 for magnitudes with increasing distance from 
the task-relevant magnitude (hence, the shortest duration will not be paired with the 
largest number of dots). Using these weights, we simulated 10,000 stimuli and found a 
correlation between time and numerosity of r = .51 (i.e., how well does one magnitude 
predict the other magnitude), and a correlation of r = .50 between time/numerosity (r 
= -.47 for time) and rate of drop appearance (i.e., how well does drop appearance rate 
predict the other magnitudes). �ese correlations show that with the selected weights 
we can ensure that the task-irrelevant dimension and rate of drop appearance are 
equally predictive of the task-relevant dimension. A major problem in trying to elimi-
nate one of the correlations (e.g., between time and numerosity) is that the other fac-
tor (following the example, rate) becomes highly predictive of the attended dimension. 
For example, randomly sampling the task-irrelevant magnitude without any weights 
results in a very low correlation of r < .01 between time and numerosity, but rate beco-
mes predictive of both time (r = -.66) and number (r = .70). �us, as described above, 
we determined the task-irrelevant magnitude using weighted random sampling to 
make both the task-irrelevant and rate of drop appearance equally predictive of the 
task-relevant magnitude. �e script running this simulation and additional ones using 
diªerent ways to combine task-relevant and task-irrelevant magnitudes can be found 
online at osf.io/b73u2. �e task design is identical to the task previously used in an 
EEG experiment (see Schlichting, de Jong & Van Rijn, 2018).

�e experiment was divided into two blocks, each block consisting of 80 trials. 
Within each block, time and number trials were alternating in sub-blocks of eight 
trials each. �e order of these sub-blocks was counterbalanced between participants. 
Before each sub-block, participants were cued whether they had to make a judgement 
on time or on number. In each block, in half of the time-trials the standard stimulus 
was presented as S1, in the other half it was presented as S2. �e probe stimulus in 
each of the two conditions (standard stimulus as S1 or S2) was longer than the stan-
dard duration in half of the trials, and shorter in the other half. Out of the 40 time 
trials in each block, the two most extreme probe durations (1230 and 2640 ms) were 
presented four times each, while all other probe durations were presented eight times 
each. �e same logic was true for number-trials.

Each trial started with the presentation of a grey �xation cross for a duration 
sampled from a uniform distribution between 800 and 1200 ms. �en, S1 and S2 
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were presented consecutively with an inter-stimulus-interval sampled from a uniform 
distribution between 1200 and 1600 ms. �e �xation cross remained on screen for 
another 800-1200 ms before the response screen appeared and stayed until a response 
was given. Participants were instructed to press ‘S’ on a conventional US-Qwerty key-
board if they perceived S2 as shorter or consisting of fewer dots than S1, and ‘L’ if they 
perceived S2 as longer or consisting of more dots than S1. A blank screen appeared for 
800-1200 ms before the next trial started (see Figure 2.1A for a visual depiction of an 
experimental trial). After half of the trials, participants could take a self-timed break. 
Participants received feedback on their performance (percentage correct trials) during 
the break and after completion.

Static Raindrops Task. �e static versions of the Raindrops task are essentially 
like the Dynamic Raindrops task. �e only and crucial diªerence was that the drops 
did not appear dynamically on the screen, but all dots appeared at stimulus onset and 
disappeared at stimulus oªset (see Figure 2.1B). We designed two versions of the 
Static Raindrops task, diªering in how the task-irrelevant dimension was sampled 
with respect to the task-relevant dimension. We used a correlated version, which used 
the same constraints as the Dynamic Raindrops task, and an uncorrelated version, in 
which the task-irrelevant dimension was sampled randomly without any constraints. 
�e latter resulted in a correlation between time and number magnitudes of r <.01, 
meaning that the task-irrelevant dimension is not at all predictive of the task-relevant 
dimension.

Temporal Comparison Task. In the temporal comparison task participants 
only had to make a judgement based on time. Again, the same durations and response 
formats as in the Raindrops tasks were used. Instead of showing multiple small dots, 
participants saw one bigger dot with a �xed size (radius = 25 px). �e �rst interval (S1) 
was marked by the dot changing its color from grey to blue (onset) and back to grey 
(oªset), the second interval (S2) was presented in the same way (see Figure 2.1C). 
After half of the trials, participants could take a self-timed break. As for the Raindrops 
tasks, participants received feedback on their performance (percentage correct trials) 
during the break and after completion. 

Numerical Stroop Task. �ree to six white colored digits (i.e., the same digit, 
ranging from 3 to 6) or letters (A, F, K or P) appeared within a circle (radius = 120 px) 
around the center of the black screen. Characters had a size of 15 × 24 px and had a 
minimum distance of 50 px to other characters. Participant’s task was to report how 
many items appeared on the screen by pressing the appropriate digit-key. Participants 
were instructed to place their left middle and index �nger on the keys ‘3’ and ‘4’, and 
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their right index and middle �nger on keys ‘5’ and ‘6’ at all times. �e numerical Stroop 
experiment had three conditions: 1) congruent (i.e., the digit magnitude corresponded 
to the number of items), 2) incongruent (i.e., the digit magnitude did not correspond 
to the number of items), and 3) control condition (letters instead of digits). In total, 
participants completed 304 trials: 108 incongruent trials (each digit appeared nine 
times in each number of items condition), 100 congruent trials (each digit appeared 
25 times in its number of items condition), and 96 control trials (each letter appeared 
6 times in each number of items condition). Trials of all conditions were presented in 
randomized order. �e next trial started after a response was given. �e inter-trial-in-
terval was sampled from a uniform distribution ranging from 600 to 1000 ms. After 
half of the trials, participants could take a break for as long as they liked. No feedback 
on performance was given to the participants.

Procedure
Participants were tested in two sessions separated by six to eight days. In session 

one, participants completed the Dynamical Raindrops task (Dynamic I), followed by 
the numerical Stroop task, and, at the end of session one, the correlated version of the 
Static Raindrops task (Static I). During session two, participants again started with 
the Dynamic Raindrops task (Dynamic II), followed by the temporal comparison 
task, and ended with the uncorrelated version of the Static Raindrops task (Static II). 
Each session took approximately 75 minutes.

Data Analysis
MLE Procedure. To quantify how strongly participants took numerical and 

temporal evidence into account when making a judgement on either dimension in 
the Raindrops tasks, we estimated these two parameters using a Maximum-Like-
lihood Estimation (MLE) procedure (for another example of the application of this 
MLE procedure, see Schlichting, de Jong, & Van Rijn 2018). �e underlying model 
used the weighted sum of temporal and numerical evidence for each trial (evidence-
total, see Equation 2.1), that is, parameter estimation was stimulus driven. Temporal 
and numerical evidence (evidencetime and evidencenumber, respectively) was determined 
by subtracting the magnitudes of the standard stimulus from the magnitudes of the 
non-standard stimulus and subsequently dividing by the maximal evidence possible, 
so that the estimate was scaled from -1 to 1 (i.e., the more diªerent the non-standard 
stimulus magnitudes were from the standard stimulus magnitudes, the more evidence 
was available in a given trial, see Equation 2.2 and 2.3 for an example of the time 
condition). 

evidencetotal = ωtime × evidencetime+ ωnumber × evidencenumber (2.1)
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evidencetime =  

Evidencenumber and maximum evidence possible based on numerosity were calculated 
according to the same principles. �e weights ωtime and ωnumber were estimated in the 
MLE procedure. Evidencetotal was then used to compute the probability of a response 
(shorter/fewer or longer/more) based on a standard normal cumulative distribution 
(see Figure 2.2, grey curves). �e �nal weights were those for which the sum of the 
logarithms of the probability of a speci�c response were maximal (i.e., the weights 
that best predicted behavioral data on a trial by trial basis). For a visual depiction and 
a numerical example see Figure 2.2. Using this procedure, we obtained a weight for 
time and a weight for number for each Raindrops task, condition and participant. �e 
reported model, including both time and number information, outperformed models 
including only time or only number information (comparisons can be found online.

(2.2)
Tcomparison - TS

maximum evidence possible

maximum evidence possible = TS - T1 = 0.57, if Tcomparison < TS

T6 - TS = 0.84, if Tcomparison > TS
{ (2.3)

Figure 2.2: Graphical illustration and numerical example of the MLE procedure. For each of 
the 80 trials evidencetotal was calculated based on the stimulus parameters and the weights selected 
during each iteration of the MLE procedure (Formula 2.1). Evidencetotal was then used to compute 
the cumulative probability of a response (“longer”, grey curve left panel; “shorter”, grey curve right 
panel). In each iteration of the MLE procedure and for each trial the logarithm of the probability 
of the participant’s actual response (response “longer”, black curve left panel; response “shorter”, 
black curve right panel) given was computed with the current weights. �e �nal weights were 
those for which the sum of the log-values over all trials was maximal. Dashed and dotted lines 
show two examples of diªerent sets of weights and their eªects on the weight-selection process 
on one speci�c incongruent trial. In the dotted line, more numerosity information was used, thus 
this set of weights would be superior if participant’s response was “longer” (i.e., in�uenced by the 
incongruent numerosity information and re�ected in a higher log-value). On the contrary, the 
dashed line is an example of a set of weights in which temporal information is taken into account 
more than numerosity information. Here, if the participant correctly responds “shorter”, this set 
of weights will be favoured (higher log-value). Note however, that the weights selection was based 
on all trials.

example 'time' trial: 
Tcomparison = 1.49s
→ evidencetime = -0.54

Ncomparison = 36 dots
→ evidencenumber = 0.43 

ωtime = 2, ωnumber = 0.5
→ evidencetotal = -0.87

ωtime = 0.5, ωnumber = 1.5
→ evidencetotal        = 0.38

participant response = "longer"
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To obtain a comparable estimate of how much temporal evidence was used in the 
non-magnitude temporal comparison task, we estimated ωtime for the temporal com-
parison task in a model using only temporal evidence.

Vector Correlations. In order to investigate the robustness of individual dif-
ferences in the usage of time versus numerosity information in timing performance, 
as represented by ωtime and ωnumber respectively, we combined the two estimates into a 
vector (i.e., ωtime is treated as the x-component and ωnumber as the y-component) and 
calculated vector correlations between all diªerent versions and sessions of the Rain-
drops task. Vector correlations convey information about the relatedness of two vector 
�elds (Buneo, 2011; Buneo & Andersen, 2012; Hanson, Klink, Matsuura, Robeson, 
& Willmott, 1992). �e output of this vector correlation comprises the correlation 
coe®cient p ranging from 0 (no correlation) to 1 (perfect correlation), a rotation angle 
θ and a scaling factor β, describing the amount of rotation and scaling needed to best 
align the two vector �elds (for more detailed information and formulas, see Hanson 
et al. (1992)). Hanson et al. (1992) distinguish between rotational and re�ectional 
correlations, however, because we do not expect to �nd a re�ectional relationship bet-
ween vector �elds, we decided a-priori to only calculate vector correlations based on 
rotational dependencies. Notably, if the variance of the two vector �elds is very similar, 
scale factor β is very similar to p. In the current data set, we found similar variance in 
all tasks (i.e., β values provide no additional information). Further, we found little evi-
dence for a systematic rotation of vector �elds between tasks (i.e., rotation angle θ of 
around zero). �us, we will only report the correlation coe®cients p. Values of rotation 
angle θ and scale factor β can be found online at osf.io/b73u2. For all empirical corre-
lations 95% con�dence intervals were calculated using nonparametric bootstrapping 
(Efron & Tibshirani, 1986).

Relation to Temporal Comparison & Stroop Task. In order to test whether 
being a ‘timer’ in the Raindrops task (i.e., having a comparably high ωtime) is related to 
performance in the non-magnitude temporal comparison task, ωtime parameters ob-
tained from the diªerent Raindrops tasks were correlated with ωtime parameters ob-
tained from the temporal comparison task. �e Stroop eªect is calculated for each 
participant and is de�ned as the median reaction time in the incongruent condition 
subtracted by the median reaction time in the congruent condition. �is score was 
correlated with ωnumber obtained in each version of the Raindrops task, because ωnumber 
re�ects the amount of interference in the time condition of the Raindrops tasks. For 
all empirical correlations 95% con�dence intervals were calculated using nonparame-
tric bootstrapping.



Time & Numerosity (Part II) 55

Results

Stability of Magnitude Interference Effects Over Time
For each condition in each of the Raindrops tasks we obtained ωtime and ωnumberas 

output of the MLE procedure. �ese weights are estimates of how much temporal 
and numerical evidence participants took into account when making a judgement on 
time (as reported here). �e estimated weights of each task can be regarded as vec-
tors, with ωtime treated as the x-component and ωnumber as the y-component. �is way, a 
unique �eld of vectors is obtained for each task (i.e., one vector for each participant in 
each task, see also Figure 2.3 and 2.4). We calculated vector correlations to assess the 
relatedness of vector �elds between Raindrops tasks performed in session one and in 
session two (i.e., Dynamic I versus Dynamic II and Static I/correlated versus Static 
II/uncorrelated). We employed a vector correlation method advanced by Hanson et 
al. (1992), which was initially developed for the analysis of geographic data, but has 
been applied to neuroscienti�c data, too (e.g., Bueno & Andersen, 2012). �e output 
of this vector correlation method comprises, among other parameters, the correlation 
coe®cient p, ranging from 0 (no correlation) to 1 (perfect correlation). Nonparame-
tric bootstrapping (Efron & Tibshirani, 1986) was used to calculate 95% con�dence 
intervals.

�e empirical correlations between the Dynamic Raindrops task performed in 
session one and two (p = .50, 95% CI [.29 .66]) and between the Static Raindrops 
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Figure 2.3 (next page): Vector correlations assessing stability of interference e�ects over time. 
Vector �elds show the composed ω-vectors (ωtime as x-component and ωnumber as y-component) for 
each participant (i.e., each square, distribution is constant over all panels) and the grand average 
(grey highlighted square). Correlations were computed between ω-vectors of session I and session 
II in the Dynamic Raindrops task (left hand side) and in the Static Raindrops tasks (right hand 
side). 
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task performed in session one and two (p = .40, 95% CI [.22 .57]) are shown in Figure 
2.3. In both tasks, a positive correlation is found, suggesting relative stability of the 
ω-estimates over sessions.

Stability of Magnitude Interference Effects Over Task
To test the stability of interference eªects (quanti�ed by the ω-estimates) over dif-

ferent tasks vector correlations as described above were calculated. Here, we correlated 
ω-estimates obtained from the Dynamic Raindrops tasks with those obtained from 
Static Raindrops tasks. Notably, two of the correlations are based on tasks performed 
in the same session (i.e., Dynamic I versus Static I and Dynamic II versus Static II), 
while the other two are based on tasks performed in diªerent sessions (i.e., Dynamic 
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Figure 2.4: Vector correlations assessing stability of interference e�ects over tasks (and time). 
Vector �elds show the composed ω-vectors (ωtime as x-component and ωnumber as y-component) for 
each participant (i.e., each square, distribution is constant over all panels) and the grand average 
(grey highlighted square). Correlations were computed between ω-vectors of diªerent versions of 
the Raindrops task.



Time & Numerosity (Part II) 57

I versus Static II and Dynamic II versus Static I). Results of empirical correlations 
are summarized in Figure 2.4. Tasks that were run in the same session are correla-
ted highly (Dynamic I – Static I: p = .57, 95% CI [.35 .75]; Dynamic II – Static II:  
p = .68, 95% CI [.52 .80]). For tasks that were performed in diªerent sessions, em-
pirical correlations are numerically lower, however, 95% con�dence intervals are still 
far removed from zero (Dynamic I – Static II: p = .49, 95% CI [.27 .68]; Dynamic 
II – Static I: p = .52, 95% CI [.36 .67]).

Comparison to Performance in Temporal Comparison Task
In order to have a similar performance measure in the temporal comparison task 

compared to the Raindrops tasks, we calculated ωtime also for the temporal compari-
son task. For this purpose, the model underlying the MLE procedure incorporated 
only ωtime. �e ωtime parameters obtained from the diªerent Raindrops tasks were then 
correlated with ωtime parameters obtained from the temporal comparison task. 95% 
con�dence intervals were calculated for all correlation coe®cients by using nonpa-
rametric bootstrapping (Efron & Tibshirani, 1986). Figure 2.5 shows that all tested 
pairs yield a high correlation (Dynamic I: r = .45, 95% CI [.13 .70]; Dynamic II:  
r = .66, 95% CI [.45 .81]; Static I: r = .45, 95% CI [.15 .69]; Static II: r = .57, 95% CI 
[.36 .74]). Further, as all 95% con�dence intervals do not contain zero, being a ‘timer’ 
in a magnitude interference tasks (i.e., having a high ωtime) likely means being a ‘timer’ 
in other timing tasks without interfering in�uences.

Figure 2.5: Correlations between timing performance in temporal comparison task and ma-
gnitude comparison tasks. Testing whether being a ‘timing’ participant in a magnitude com-
parison task (quanti�ed by ωtime) is correlated to performance in a comparison task which only 
has the time dimension and no other interfering information of a diªerent dimension. Each dot 
represents one participant; grey line shows the regression line.
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Comparison to Performance in Numerical Stroop Task
�e Stroop eªect was calculated for each participant as the median reaction time 

in the incongruent condition subtracted by the median reaction time in the congruent 
condition (M = 68.96 ms, 95% CI [54.17 83.76] ms). �is score was then correlated 
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with ωnumber as an index of interference in the time condition of the Raindrops tasks. 
95% con�dence intervals were calculated for all correlation coe®cients by using non-
parametric bootstrapping (Efron & Tibshirani, 1986). 

Results, visually summarized in Figure 2.6, show that correlations are very low 
and all 95% con�dence intervals contain zero (Dynamic I: r = -.05, 95% CI [-.30 .21]; 
Dynamic II: r = -.05, 95% CI [-.30 .17]; Static I: r = .11, 95% CI [-.16 .38]; Static 
II: r = -.08, 95% CI [-.29 .14]). �us, we failed to �nd any evidence for, on the one 
hand, a relation between the degree to which interfering information is incorporated 
in the Raindrops magnitude tasks, and the magnitude of the numerical Stroop eªect 
on the other.

Figure 2.6: Correlations between Stroop e�ect and magnitude interference e�ects. To test 
whether participants showing larger magnitude interference eªects (quanti�ed by ωnumber) also 
show larger Stroop interference eªects, these two scores were correlated for each task. Each dot 
represents one participant; grey line shows the regression line.
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Discussion

In the current study, we tested the reliability and stability of a MLE procedure 
that can potentially serve as a tool to quantify the magnitude of interference eªects 
between time and numerosity at the level of individual participants. Our results repli-
cated earlier work in which we found large individual diªerences in the magnitude of 
interference eªects. �at is, when asked to make a judgement on the time dimension, 
some participants are in�uenced by task-irrelevant numerosity information more than 
others. Extending previous �ndings, we showed that these individual diªerences are 
stable and robust over time and over similar, yet diªerent task versions. �is suggests 
that the ability to ignore or inhibit task-irrelevant information in magnitude com-
parison tasks could be seen as a ‘stable trait’ or ‘psychological bias’ (Grabot & Van 
Wassenhove, 2017) within participants. 

To facilitate interpretation of our �ndings, we �rst want to explain in more detail 
how vector correlations can be interpreted and which possible advantages this pro-
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cedure brings to the �eld of cognitive neuroscience, before we discuss the results in 
more detail.

Interpretation of Vector Correlations
�e calculation of vector correlations enables researchers to assess associations 

between sets of two-dimensional data (i.e., vector �elds). Vector correlations are ra-
rely used in the �eld of neuroscience or cognitive psychology (but, see Bueno, 2011; 
Bueno & Anderson, 2012). Yet, alternative measures of association between multiple 
two-dimensional data-sets are suboptimal. For example, one could calculate Pearson 
product-moment correlations or cross-correlations for each dimension separately. 
However, in direct comparison vector correlations are superior to other correlation 
analyses because they provide one uni�ed correlation coe®cient (Bueno, 2011). Alter-
natively, one could transform the data to reduce two-dimensional to one-dimensional 
data. Critically, any such transformation will result in information loss. For example, 
calculating vector length (or magnitude) does not capture information about vector 
orientation (i.e., the angle between the vector and the x-axis), and vice versa. Vector 
correlations, on the other hand, allow for one uni�ed correlation coe®cient encapsu-
lating all information available in the data. Figure 2.7 summarizes the vector correla-
tions (shown in black) observed in the current study.

Importantly, empirically determined correlations are known to be attenuated due 
to measurement error (Hedge, Powell & Sumner, 2017). Results of Monte Carlo si-
mulations showed that the combination of the number of trials per task (here 80) and 
the correlation between duration and numerosity resulted in relatively high measu-
rement error, and thus variability in the MLE-determined weights for temporal and 
numerical information. In other words, the correlations between MLE-determined 
weights, including test-retest reliabilities, are likely to be markedly weakened by the 
diluting eªects of measurement error. For this reason we have employed standard 
techniques to correct these empirically estimated correlations for attenuation (e.g., 
Charles, 2005; Green et al., 2016; Jensen, 1998). In short, we used estimated split-
half reliabilities followed by application of the Spearman-Brown prophecy formula 
to obtain empirical estimated reliabilities of individual parameters. �ese estimated 
reliabilities were then used to compute disattenuated estimates of the various cor-
relations, shown in grey in Figure 2.7. Details of the computational procedure and 
relevant results are available at osf.io/b73u2. Note that the two correlations with the 
numerical Stroop task could not be corrected for attenuation because the estimated 
reliabilities of the two parameters involved – the weight for numerosity information, 
ωnumber, and the size of the Stroop eªect – were too small to warrant such a correction. 
For the remaining correlations, the eªect of the correction for attenuation can be seen 
to be quite substantial. Because these corrected values are more likely to re�ect the 
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“true” strength of associations, we will focus on these values in the following discus-
sion of the results.

Stability of Magnitude Interference Effects Over Time
When re-tested after seven days in both the Dynamic and the Static version of 

the Raindrops task (Dynamic I – Dynamic II and Static I – Static II), ML-estimates 
exhibited considerable test-retest reliability (see Figure 2.7). It should be noted that 
the two versions of the Static Raindrops task diªered in the way the magnitude of the 
task-irrelevant dimension was sampled (using restricted random sampling or random 
sampling): While during the �rst session the task-irrelevant magnitude was a limited 
predictor of the task-relevant magnitude (restricted random sampling), it was not pre-
dictive during the second session (random sampling). �at is, in the Static Raindrops 
I task participants could have based their temporal judgements on numerosity infor-
mation and still perform reasonably well in the task. Importantly, irrespective of the 
nature of the numerosity dimension (i.e., static/dynamic or correlated/uncorrelated), 
robust test-retest correlations were observed.

Stability of Magnitude Interference Effects Over Task
ML-estimates were also robust with regard to the diªerent versions of the Rain-

drops task, irrespective of whether they were performed during the same or diªerent 
sessions. ML-estimates of tasks that were performed within the same session (Dyna-
mic I – Static I and Dynamic II – Static II) in fact yielded very high correlations, as 
shown in Figure 2.7. In light of previous �ndings, the commonality between Dynamic 
and Static versions of the Raindrops tasks with regard to the magnitude of interferen-
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Figure 2.7: Summary of the main results. Empirical (black) and disattenuated (grey, where rele-
vant) correlations between sessions and versions of the Raindrops task, as well as the Numerical 
Stroop and Temporal Comparison task. (See main text for additional details.)
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ce as captured by ML-estimates is noteworthy for two reasons:
First, an often reported �nding when using static numerosity-time comparison 

tasks is that temporal judgements are in�uenced by task-irrelevant numerosity infor-
mation, but not vice versa (Hayashi et al., 2013; Xuan et al. 2007; but see Javadi & Ai-
chelburg, 2012, who found bidirectional interference eªects). In contrast, Lambrechts, 
Walsh and Van Wassenhove (2013) and Martin, Wiener and Van Wassenhove (2017) 
found that when time, space and number information are presented dynamically, 
duration judgments are resilient to spatial and numerical interference, while time in-
�uences judgments of the other two dimensions. In the current and in a previous study 
(Schlichting, de Jong & Van Rijn, 2018), we found that direction and magnitude of 
interference eªects in static and dynamic setups vary greatly between participants, but 
are stable over task versions within participants. Given that both �ndings have been 
replicated in independent studies, it is unlikely that these contrasting results are driven 
by participant sampling even though the observed variability of ML-estimates sug-
gests that sampling eªects might in�uence the outcomes of interference studies. Even 
though the paradigms used are similar, drawing decisive conclusions is precluded by 
small diªerences in the task setup. To resolve this paradox, future work should present 
both paradigms in a within-subject design.

Second, it has been argued that experimentally testing interference eªects is com-
plicated by the fact that manipulating one dimension will alter other stimulus di-
mensions, too (e.g., see Leibovich, Katzin, Harel, & Henik (2016) for an extensive 
discussion for the case of automatically co-varying space, density, and/or surface when 
manipulating numerosity). In the case of time and numerosity, presenting numerosity 
information dynamically over time introduces the additional dimension rate of chan-
ge or rate of sensory evidence accumulation (Lambrechts, Walsh & Van Wassenhove, 
2013; Martin, Wiener & Van Wassenhove, 2017), which can, if not controlled for, be 
highly predictive of the task-relevant dimension. In the current study, we controlled 
the predictiveness of rate information by restricting which values or magnitude levels 
the task-relevant and -irrelevant dimension could take on. However, theoretically, sti-
muli in the dynamic version of the Raindrops task contain more predictive informa-
tion than stimuli in the static versions: both the task-irrelevant dimension as well as 
rate information is, to a certain degree, predictive of the dimension to be judged. �e 
current results show that ML-estimates capturing interference eªects are stable over 
dynamic and static versions of the Raindrops task, again suggesting that mechanisms 
underlying interference eªects may be considered as a stable trait, and suggesting that 
rate did not in�uence participants’ judgements strongly.

In a way, the temporal comparison task can be regarded as a control task for 
time trials in the Raindrops tasks, because stimuli contain no interfering numerosity 
information. �e way participants utilized temporal information in the most straight 
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forward task (temporal comparison task) is predictive of how temporal information 
are utilized in the presence of interfering information (Raindrops tasks). It may seem 
striking that for some participants the ML-estimate was close to zero, however, timing 
is a very noisy process in comparison to other magnitude tasks (e.g., compared to 
number and length judgements, Droit-Volet, Clément, & Fayol, 2008). 
   
Generalizability to Stroop Interference

�e ability to ignore or inhibit task-irrelevant information in any version of the 
Raindrops task was not predictive of performance in a numerical Stroop task. An 
interpretation of these “null” results is that magnitude interference eªects adhere to 
diªerent inhibitory control mechanisms than Stroop-like interference eªects: Inter-
ference eªects in magnitude comparison tasks could be governed by bottom-up or 
stimulus-driven processes, while interference in Stroop task could be driven more 
by top-down processes, given that the interfering information �rst needs to be se-
mantically parsed (i.e., the meaning of a digit or a color-word, see also Van Maanen, 
Van Rijn, & Borst (2009), who argue that semantic interference eªects are caused by 
the same interference mechanism). Furthermore, Stroop-type interference has been 
found to yield only moderate test-retest correlations and very limited parallel-test 
stability (Hedge et al., 2017; Siegrist, 1997; Strauss et al., 2005), meaning that scores 
in Stroop task are relatively noisy and unstable, again indicating that one should be 
careful drawing �rm conclusions. 

Conclusion
Especially for neuroimaging studies relying on task-setups that include a well 

matched comparison task (similar to the Raindrops tasks tested here), it is crucial to 
take into account that 1) participants exhibit interference eªects and apparently do 
not only process task-relevant information, and that 2) the magnitude of how much 
of the task-irrelevant information is used in making a judgement diªers between par-
ticipants. Also for theoretical and computational models explaining the processing of 
magnitudes (e.g., A �eory Of Magnitudes, Walsh, 2003, 2015; or Bayesian approa-
ches to quantify magnitude interference eªects, Martin, Wiener & Van Wassenhove, 
2017; Petzschner, Glasauer, & Stephan, 2015) it is important to know whether the 
magnitude of interference is a stable trait within participants, or whether it can change 
over time or due to modi�ed task designs. �e here described MLE procedure allows 
to account for these individual diªerences in behavior. We showed that the MLE 
procedure is a reliable tool to quantify individual diªerences in temporal interference 
eªects in terms of test-retest and parallel-test reliability. How well participants can 
estimate time and how much task-irrelevant information they take into account seems 
to be a stable characteristic within individuals. As patterns of individual diªerences in 
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temporal magnitude interference eªects, here captured by vector correlations which 
take into account all available information, are stable over time and over task versions, 
the methods presented here provide a valuable addition to the toolkit of cognitive 
neuroscientists interested in studying the processing of diªerent stimulus dimensions. 

While the here proposed MLE procedure is designed for quite speci�c experi-
ments in which stimuli vary in magnitude in two or more dimensions, we argue that, 
more generally, our results emphasize the potential information gain from quantifying 
inter-individual diªerences (Grabot & Van Wassenhove, 2017; Kanai & Rees, 2011) 
and highlight the importance of establishing reliability of parameters derived from 
individual behavior or behavioral performance before their subsequent use in neuroi-
maging analyses.
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