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Despite the prevalence of attention-deficit hyperactivity disorder (ADHD), efforts to develop a detailed understanding of the
neuropsychology of this neurodevelopmental condition are complicated by the diversity of interindividual presentations and the
inability of current clinical tests to distinguish between its sensory, attentional, arousal, or motoric contributions. Identifying
objective methods that can explain the diverse performance profiles across individuals diagnosed with ADHD has been a long-held
goal. Achieving this could significantly advance our understanding of etiological processes and potentially inform the development of
personalized treatment approaches. Here, we examine key neuropsychological components of ADHD within an electrophysiological
(EEG) perceptual decision-making paradigm that is capable of isolating distinct neural signals of several key information processing
stages necessary for sensory-guided actions from attentional selection to motor responses. Using a perceptual decision-making task
(random dot motion), we evaluated the performance of 79 children (aged 8–17 years) and found slower and less accurate responses,
along with a reduced rate of evidence accumulation (drift rate parameter of drift diffusion model), in children with ADHD (n= 37;
13 female) compared with typically developing peers (n= 42; 18 female). This was driven by the atypical dynamics of discrete
electrophysiological signatures of attentional selection, the accumulation of sensory evidence, and strategic adjustments reflecting
urgency of response. These findings offer an integrated account of decision-making in ADHD and establish discrete neural signals
that might be used to understand the wide range of neuropsychological performance variations in individuals with ADHD.
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Significance Statement

The efficacy of diagnostic and therapeutic pathways in attention-deficit hyperactivity disorder (ADHD) is limited by our
incomplete understanding of its neurological basis. One promising avenue of research is the search for basic neural mecha-
nisms that may contribute to the variety of cognitive challenges associated with ADHD. We developed a mechanistic account
of differences in a fundamental cognitive process by integrating across neurocognitive, neurophysiological (i.e., EEG), and
computational levels of analysis. We detected distinct neural changes in ADHD that explained altered performance (e.g., slo-
wed and less accurate responses). These included changes in neural patterns of attentional selection, sensory information
processing, and response preparation. These findings enhance our understanding of the neurophysiological profile of
ADHD and may offer potential targets for more effective, personalized interventions.

Introduction
Attention-deficit hyperactivity disorder (ADHD) is a prevalent
childhood-onset condition characterized by persistent inatten-
tive, hyperactive, and/or impulsive symptoms that significantly
impact social relationships and quality of life (Barkley, 1997;
Nigg, 2013; Sciberras et al., 2022). Early attempts to identify
the neuropsychological characteristics of ADHD focused primar-
ily on differences in higher-level cognitive processes associated
with executive functioning such as response inhibition, working
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memory, and cognitive flexibility (Pennington and Ozonoff,
1996; Barkley, 1997; Sergeant et al., 2002). However, ADHD is
now recognized as a complex, heterogeneous, and multifactorial
condition with contributions spanning multiple levels of process-
ing (Sergeant et al., 2003; Willcutt et al., 2005; Coghill et al.,
2014), including basic perceptual (Kim et al., 2014; Gonen-
Yaacovi et al., 2016; Mihali et al., 2018; Panagiotidi et al., 2018)
and neuromotor processes (Hurks et al., 2005; Rommelse et al.,
2008; Kaiser et al., 2015; Goulardins et al., 2017). This raises
the possibility that differences in higher-level processes may actu-
ally be the consequence of changes in more basic mechanisms
that support downstream functions (Rommelse et al., 2007).
Many of these component processes have been identified based
on hallmark differences in performance on reaction time tasks,
where ADHD participants typically exhibit reduced accuracy
and slower, more variable reaction times (Bellgrove et al., 2005;
Johnson et al., 2007; Karalunas and Huang-Pollock, 2013).
However, since these behavioral outputs are the product of mul-
tiple processes (e.g., sensory encoding, evidence accumulation,
motor preparation, urgency, decision bias, and strategy), it is
difficult to develop mechanistic accounts based on behavioral
differences alone.

Sequential sampling models, like the drift diffusion model
(DDM; Ratcliff and McKoon, 2008), provide a powerful theoret-
ical framework that can help to disentangle these influences by
recovering latent psychological processes from their behavioral
output (Forstmann et al., 2016). These models conceptualize
decision-making as a dynamic process of the accumulation of
noisy sensory evidence over time until a decision threshold is
reached and a response is initiated. Studies that have applied
these models to the data of children with ADHD have identified
slower accumulation of sensory evidence (reflected in a reduced
drift rate parameter; Mowinckel et al., 2015), no differences in
bound adjustments (Mulder et al., 2010), and mixed evidence
for differences in the nondecision time parameter which incorpo-
rates delays associated with stimulus encoding and motor execu-
tion (Huang-Pollock et al., 2012, 2017; Karalunas et al., 2012,
2014, 2018). Although these models highlight distinct decision-
making mechanisms that are potentially altered in ADHD,
they offer little insight into the underlying neurophysiological
mechanisms.

Building on foundational work in monkey neurophysiology
(Gold and Shadlen, 2007; Hanks and Summerfield, 2017), human
research now capitalizes on EEG paradigms to decompose simple
decisions into their neural components, noninvasively mapping
key information processing stages in decision-making (O’Connell
and Kelly, 2021). These neural signals index processes representing
candidate differences in decision-making in ADHD, including pre-
target attentional engagement (alpha power; Kelly and O’Connell,
2013), early attentional selection (N2c; Loughnane et al., 2016),
dynamic urgency (contingent negative variation; CNV; Devine
et al., 2019), and evidence accumulation (centroparietal positivity;
CPP). As the neural marker of the evidence accumulation process,
the behavior of CPP is consistent with the predictions of sequential
sampling models. Specifically, its build-up rate scales with evidence
strength and predicts reaction time, while its peak amplitude,
occurring at response, varies with prior knowledge and time pres-
sure (Kelly and O’Connell, 2015; O’Connell et al., 2018). There is
also compelling evidence linking CPP onset to nondecision time
(Loughnane et al., 2016).

Here, we sought to develop an integrated account of the neu-
rophysiology of ADHD by linking these distinct EEG signals to
mechanisms associated with performance of a perceptual

decision-making task. We first aimed to establish linkages
between EEG metrics of decision-making with behavior and
DDM parameters in children with and without ADHD.
Second, we aimed to characterize the dynamics of decision-
making signals in ADHD, developing a mechanistic account
that captures individual variations in performance. This compre-
hensive analysis allowed us to explore the neural, cognitive, and
computational factors that govern decision-making in the con-
text of ADHD.

Materials and Methods
Participants. The study included a total of 79 right-handed individ-

uals with normal or corrected-to-normal vision who were aged between 8
and 17 years, comprising 37 participants with ADHD (13 female;
Meanage = 13.45 years ± SDage = 2.026) and 42 typically developing con-
trols (18 female; Meanage = 13.46 years ± SDage = 1.93). Data were col-
lected at the University of Queensland (UQ; n= 58) and Monash
University (n= 21) in Australia following identical experimental proto-
cols. Ethical approval was obtained from the human research ethics
committees of both universities, and the study was conducted in accor-
dance with approved guidelines. For the ADHD group, inclusion criteria
required previous diagnosis by a specialist (e.g., psychiatrist or pediatri-
cian), confirmed using the Anxiety Disorders Interview Schedule
for DSM-IV (A-DISC child version for UQ participants) or The
Development and Well-being Assessment (DAWBA, for Monash
participants) and the Global Index on the Conners’ Parent Rating
Scale-Revised: Long Version (CPRS-R: L; T-Score >65 from the mean).
The participants with ADHD completed a 48 h washout of ADHD-
related medications before testing. Typically developing children were
free of clinical diagnoses and had Conners’ Global Index T-Scores <65.
Informed consent from parents or guardians and assent was obtained
from the participant prior to testing. This study originally recruited 85
individuals but six were excluded from the analyses: three due to the
lack of research-standard clinical evaluations (e.g., semistructured inter-
view) to confirm their group allocation and three due to recording issues
(i.e., frequent pauses during the task, highly artifactual EEG recordings,
and/or excessive cap movement). Figure 1 presents the clinical character-
istics of the individuals in the two groups.

Experimental protocol. Participants were seated in a darkened
sound-attenuated room positioned at a viewing distance of ∼56 cm
from a 21 inch CRT monitor (resolution, 1,024 × 768; refresh rate.
85 Hz) and instructed to perform a bilateral random dot motion percep-
tual decision-making task. The task was run throughMATLAB’s psycho-
physics toolbox extension on a 32 bit Windows XP computer (Brainard
and Vision, 1997). A chin rest was employed to stabilize participants’
heads and maintain a constant visual angle throughout the task. An
EyeLink 1000 eye tracking system (SR Research) was used to monitor
gaze at fixation.

In this task (Fig. 2), participants fixated on a centrally presented
5 × 5-pixel square dot while simultaneously monitoring two circular
patches, one per hemifield. These peripheral patches were 8° in diameter
and contained 150 randomly moving 6 × 6 pixel dots. The center of each
patch was situated 4° below and 10° to the left or right of the central
fixation dot to maintain an optimum visual angle for both hemifields.
At pseudorandom intertarget intervals of either 3.06, 5.17, or 7.29 s, dur-
ing which the incoherent motion was continuously displayed, a subset of
the dots transitioned to coherent downward motion for 1.88 s (Stefanac
et al., 2021). These dots were randomly selected to move downward by
0.282° per frame (6° per second). Trials were marked by each occurrence
of coherent (target) motion within the continuous incoherent back-
ground. The coherent downwardmotion occurred with equal probability
in either the left or right hemifield patch. Participants were instructed to
respond promptly by pressing both mouse buttons simultaneously with
their thumbs upon detecting the downward motion, employing a double
thumb click. The stimulus was displayed for the entire duration of 1.88 s,
regardless of when the response occurred. To capture robust accuracy
and reaction time contrasts between groups, a relatively low coherence
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level of 30% was chosen for this task, deviating from previous studies
using the same paradigm (Loughnane et al., 2016; Stefanac et al.,
2021). Participants completed 200 trials of the task, divided into 10
blocks of 20 coherent motion trials each, with intermittent breaks to
reduce fatigue.

EEG acquisition and preprocessing. Continuous EEG data were
acquired from 64 scalp electrodes (10–10 layout) using BioSemi Active
II (Neurospec) digitized at 1,024 Hz (at the University of Queensland)
or a BrainAmp DC system (Brain Products) digitized at 500 Hz (at
Monash University). Data were analyzed using custom scripts in
MATLAB (The MathWorks) and EEGLAB toolbox (Delorme and
Makeig, 2004). EEG recordings from the two locations were combined
by downsampling the data collected in Queensland to 500 Hz. Signals
were low-pass filtered up to a 35 Hz cutoff using Hamming windowed-
sinc FIR filter, and no high-pass filter was applied. Noisy channels
were then interpolated using spherical spline interpolation and the
data were rereferenced to the common average. Target epochs were
extracted using a window of −800 to 1,880 ms around the onset of the
target stimulus (coherent motion) and baseline corrected at −100 to
0 ms. The behavioral measures of reaction time (RT) and accuracy

were extracted as the average time to respond to a target in milliseconds
(ms) and the percentage of correctly identified targets, respectively. Trials
were rejected if any of the following occurred: (1) the central gaze fixation
was broken by blinking or vertical/horizontal eye movement >3°; (2)
recordings from any electrode exceeded ±100 μV; (3) RTs were faster
than 200 ms (pre-emptive responses) or slower than 1,880 ms
(responses after the offset of coherent motion). Missed targets were
defined as either responses that took longer than 1,880 ms or complete
absence of responses. Hit rate was measured as the percentage of trials
with valid responses.

ERPs for each individual were extracted from the average of single-
trial epochs. For each individual, we isolated four distinct and previously
validated EEG signatures of decision-making processes (Brosnan et al.,
2020): pretarget attentional engagement (alpha power), early target selec-
tion (N2c peak latency and amplitude (Loughnane et al., 2016), evidence
accumulation (CPP onset latency, slope, and amplitude (O’Connell et al.,
2012; McGovern et al., 2018; Steinemann et al., 2018), and dynamic
urgency (CNV slope and amplitude (Devine et al., 2019).
Pretarget alpha power was computed using the temporal spectral evolu-
tion approach, in which all epochs (−1,000 to 2,080 ms) were bandpass
filtered at 8–13 Hz, rectified, and trimmed by 200 ms at both ends of the

Figure 1. Clinical characteristics of participants in each group. P, p value from Wilcoxon signed rank test comparing the two groups. Every data point in the box and whisker plots corresponds
to the clinical score for one individual. The shaded boxes indicate the range between the 25th and 75th percentiles of the scores, whereas the red horizontal lines inside the boxes represent the
median score. * indicates statistically significant differences between groups.

Figure 2. Depiction of the random dot motion detection task and the obtained neural measures. Note that in the actual task, white dots were presented on a black background. Here, we have
adjusted the visualization for better clarity.
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epoch (target epoch, −800:1,880 ms) to eliminate filter warm-up arti-
facts. Subsequently, the data were smoothed by averaging within a
100 ms moving window shifting forward in 50 ms steps throughout
each epoch. Mean alpha power was extracted bilaterally at peak elec-
trodes—PO3/PO7 (left hemisphere) and PO4/PO8 (right hemisphere)
—from 400 to 0 ms prior to the target onset and was baseline corrected
using the period of 700–400 ms before the target onset (Brosnan et al.,
2020). For N2c components, peak negative amplitude wasmeasured con-
tralateral to the target hemifield, from electrodes P7 and P8 between 150
and 400 ms post target onset (Stefanac et al., 2021). CPP was extracted
from the average of the potentials recorded at the peak electrodes—Pz
and POz—and CNV was measured at FCz. The amplitude of CPP and
CNV was determined by calculating the mean signal amplitude within
the same 100 ms window preceding the response. The slope of CNV
was estimated using the same time window. The maximum increase in
negativity was detected using the second derivative method (ADHD=
−84 ms, Control =−56 ms, averaging at −70 ms), and the slope of a
line fitted to this window (−70 ms to response) was defined as the
CNV slope. CPP onset latency, marking the beginning of neural evidence
accumulation, was derived by performing point-by-point one-sample t
tests against zero over the stimulus-locked trials for each individual.
The onset was defined as the first point in time when the amplitude
reached the significance level of 0.05 for 25 consecutive samples (Foxe
and Simpson, 2002). The build-up rate of the CPP was measured as
the slope of a straight line fitted to the response-locked signal at −450
to −50 ms (Loughnane et al., 2016; Zhou et al., 2021). The variation of
the task used in this study, involving double thumb clicks, did not allow
us to extract motoric signals, such as lateralized beta activity.

Drift diffusion modeling. The DDM was fitted to the behavior of all
participants (both ADHD and typically developing children) at an indi-
vidual level (Ratcliff et al., 2018). The response time data for each indi-
vidual was first split into six equal speed bins defined by five quantiles
(0.1, 0.3, 0.5, 0.7, and 0.9), resulting in four 20% bins and two 10%
bins. Together with a single bin containing the number of missed
responses, these seven bins were then used to fit the DDM using the
G-square method of the hDDM package (Wiecki et al., 2013; Ratcliff
et al., 2016; de Gee et al., 2020). This method is a variant of the
chi-squared method and was chosen for its efficiency, the availability
of significant trial data for each individual, its robustness to outliers,
and its success in previous similar experiments (Ratcliff et al., 2016;
Myers et al., 2022). The G-square statistics is defined as follows:

G2 = 2
∑7
i=1

Oi ln
Oi

Ei

( )
,

where i ∈ N represents the quantile number. The variable Oi [ R repre-
sents the number of observations in each bin (in this case: 0.1, 0.2, 0.2,
0.2, 0.2, and 0.1 of the total number of observations), and Ei [ R repre-
sents the expected number of observations in each bin, as predicted by
the DDM. The expected number of observations is determined by first
inserting the simulated response times into a DDM cumulative probabil-
ity function to obtain the expected cumulative probability up to the five
quantiles. Then, the proportion of simulated responses between each
quantile is calculated by subtracting the cumulative probabilities for
each successive quantile from the next highest quantile. This proportion
is then multiplied by the total number of observations to obtain the
expected frequencies. The DDM parameters a, v, and t were determined
by minimizing the G-square statistic using the modified Powell method
(Powell, 1964). To obtain the best fitting model, 1,000 different runs of
the optimization were performed with starting points chosen from a nor-
mal distribution with a mean of the best parameter value and a standard
deviation of 0.5. The fitted DDM assumed that the decision threshold (a),
drift rate (v), and nondecision time (t) varied between subjects. A chi-
squared statistical procedure was then done to assess the goodness of
fit for the model on each individual subject. The identified model for
each subject was used to generate 1,000 samples of response times and
accuracy. Histograms of the simulated and experimental data were
then constructed across 20 equal bins. Since there were three DDM

parameters fitted through the model, the resulting comparison means
that there are 26 degrees of freedom resulting in a critical chi-squared sta-
tistic of ∼38.8. The obtained chi-square values were lower than the crit-
ical value (range, 1.16 to 7.01), resulting in a p value of approximately 1
for all individuals. This suggests that the model produces data that are
very good fits with the experimental data. Further details can be found
in Ratcliff et al. (2018) and de Gee et al. (2020).

Statistical analysis. Significant outliers were winsorized to the 5th
percentile (for the lower outliers) and the 95th percentile (for the upper
outliers) in each participant group to improve normality of distributions.
CPP onset could not be detected for five individuals in each group due to
noisy signals, so the missing values were replaced with the group median.

First, we adopted a hierarchical regression approach to investigate the
association between the EEG signals (alpha power, N2c, CPP, and CNV),
and both behavioral (RT, miss rate, and hit rate) and DDM (drift rate,
decision threshold, nondecision time) outcomes. Separate hierarchical
linear regression models were applied for each behavioral and DDM
measure as a function of the EEG signals using data from all individuals,
combining both groups. Diagnostic analyses confirmed that key assump-
tions for linear regression modeling were satisfied. The residuals did not
exhibit skewness, as indicated by the normal P–P plots, confirming nor-
mality. Additionally, scatterplots of standardized residuals confirmed
homoscedasticity. Multicollinearity was not present, with tolerance val-
ues above 0.1, VIFs below 10, and Pearson’s correlation coefficients
among predictors (EEG signals) <0.9. EEG components were sequen-
tially entered into the regression models, following the temporal order
of the perceptual decision-making processes: pretarget attentional
engagement (alpha power), early target selection (N2c peak latency
and amplitude), evidence accumulation (CPP onset, slope, and ampli-
tude), and dynamic urgency (CNV slope and amplitude). This hierarchi-
cal entry method allowed us to evaluate whether each individual
neurophysiological signal contributed to the model fit for behavioral per-
formance or DDM parameters beyond the preceding signals in the tem-
poral sequence. The independent power of each neurophysiological
signal to predict behavior was also evaluated. Next, Spearman’s partial
correlation analyses were employed, controlling for the effects of group
(ADHD, control), age, and recruitment site (Monash, UQ), to evaluate
the magnitude and orientation of the relationship between EEG compo-
nents and both behavioral outcomes and DDM parameters.

To determine any differences in decision-making processes in ADHD
versus typically developing children, a multivariate analysis of covariance
(MANCOVA) was conducted to compare the two groups on behavioral
measures (RT, miss rate, and hit rate); EEG signatures including alpha
(power), N2c (peak latency, amplitude), CPP (onset, amplitude, slope),
and CNV (amplitude, slope); and the DDM parameters (drift rate, deci-
sion threshold, nondecision time), while controlling for the effect of age
and recruitment site. We also examined whether the EEG signals were
related to ADHD symptom scores while accounting for the effects of
group, age, and site. For this analysis we employed five separate linear
regression models, followed by false discovery rate (FDR) adjustment,
each with one ADHD symptom domain as the dependent variable
(i.e., DSM-IV hyperactivity/impulsivity score, DSM-IV inattention
score, DSM-IV total score, CPRS ADHD Index, CPRS Global Index),
while EEG signatures were entered into the model hierarchically.

Results
We first examined the relationship between each EEG signal
(alpha, N2c, CPP, and CNV) and variations in behavior using a
hierarchical regression model. In the initial step of the model,
group, site, and age were entered as nuisance variables. In the sub-
sequent steps, we sequentially incorporated the neural markers of
attentional engagement (alpha power), target selection (N2c: peak
latency and amplitude), evidence accumulation (CPP: onset,
amplitude, and slope), and dynamic urgency (CNV: amplitude
and slope) into the model. This hierarchical methodology allowed
us to control for the chronological order of neural processes in
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perceptual decision-making and examine the incremental
predictive power of different signals. Although the existing litera-
ture suggests connections between certain EEG signals and beha-
vioral/DDM measures (Yau et al., 2021), we avoided making a
priori assumptions about these relationships in our analysis.
Instead, we systematically examined each component to evaluate
their impact and uncover any latent patterns and interactions. In
a similar study with a comparable design and analytical frame-
work, a sample size of 72 participants was sufficient to detect
meaningful effects across similar predictors [Cohen’s f 2 = 0.29;
Power = 88.86% (G*Power 3.1); Brosnan et al., 2023]. Building
on this previous work, we determined that a sample size of 79 par-
ticipants would ensure robust power for the current study.

Neural signals predicting variations in reaction time
The neural signatures of the decision process collectively
accounted for a substantial 52% of the variance in RT. Adding
each of the neural components resulted in a significant improve-
ment in the model fit (alpha power: R2

adj = 0.21, F(4,74) = 6.33,
p < 0.001; N2c latency: R2adj = 0.21, F(5,73) = 5.26, p < 0.001;
N2c amplitude: R2adj = 0.21, F(6,72) = 4.37, p < 0.001; CPP onset:
R2adj = 0.32, F(7,71) = 6.36, p < 0.001; CPP slope: R2

adj = 0.46,
F(8,70) = 9.32, p<0.001; CPP amplitude: R2adj = 0.53, F(9,69) = 10.76,
p<0.001; CNV slope: R2adj = 0.53, F(10,68) = 9.71, p<0.001; CNV
amplitude: R2adj = 0.52, F(11,67) = 8.69, p<0.001). The analysis of
coefficients revealed that alpha power (stand. β=0.18, t=2.17,
p =0.034) and all CPP components (onset: stand. β=0.45,
t = 4.94, p< 0.001; slope: stand. β=−0.84, t=−4.67, p<0.001;
amplitude: stand. β=0.56, t=2.87, p=0.007) had independent pre-
dictive power for RT, highlighting their potential as robust markers
of changes in decision-making processes.

Neural signals predicting variations in miss rate
The second model examined the neural predictors of miss rate
and yielded comparable outcomes with those of RT. The EEG
signals collectively accounted for 30% of variations in miss
rate. All neural components significantly improved model fit
(alpha power: R2

adj = 0.17, F(4,74) = 5.14, p= 0.001; N2c latency:
R2adj = 0.16, F(5,73) = 4.08, p= 0.003; N2c amplitude: R2

adj = 0.16,
F(6,72) = 3.54, p= 0.004; CPP onset: R2

adj = 0.28, F(7,71) = 5.26, p <
0.001; CPP slope: R2

adj = 0.27, F(8,70) = 4.69, p < 0.001; CPP ampli-
tude: R2adj = 0.26, F(9,69) = 4.11, p < 0.001; CNV slope: R2

adj = 0.27,
F(10,68) = 3.86, p < 0.001; CNV amplitude: R2adj = 0.30, F(11,67) =
3.99, p < 0.001) but only CPP onset demonstrated independent
predictive power for miss rate (stand. β= 0.44, t= 3.96, p <
0.001), underlying its significance in determining performance
on this particular task.

Neural signals predicting variations in hit rate
In the third model, we explored the neural predictors of hit rate.
The examined EEG metrics collectively accounted for 34% of
the variance in hit rate. In line with the results from RT and
miss rate, adding each metric substantially enhanced the model’s
overall fit (alpha power: R2adj = 0.21, F(4,74) = 6.03, p < 0.001; N2c
latency: R2

adj = 0.19, F(5,73) = 4.78, p < 0.001; N2c amplitude:
R2adj = 0.19, F(6,72) = 4.09, p= 0.001; CPP onset: R2

adj = 0.28,
F(7,71) = 5.41, p < 0.001; CPP slope: R2

adj = 0.29, F(8,70) = 4.91,
p < 0.001; CPP amplitude: R2

adj = 0.28, F(9,69) = 4.32, p < 0.001;
CNV slope: R2

adj = 0.28, F(10,68) = 3.97, p < 0.001; CNV amplitude:
R2adj = 0.34, F(11,67) = 4.62, p < 0.001). CPP onset (stand. β=−0.43,
t=−4.003, p < 0.001) and CNV measures (slope: stand.
β = −0.39, t=−2.27, p= 0.023; amplitude: stand. β=−0.39,

t = −2.72, p= 0.008) made significant individual contributions
to the prediction of hit rate.

Together, these results provide compelling evidence that the
EEG metrics of target selection (N2c), evidence accumulation
(CPP), and dynamic urgency (CNV) collectively exhibit predic-
tive power for decision-making performance across the three
behavioral measures (RT, miss rate, hit rate). This underscores
the importance of considering multiple neural components
when investigating and interpreting decision-making processes.
Although the neural signals showed varying contributions to
each behavioral measure, CPP onset emerged as an independent
predictor for performance variations across all the three mea-
sures. Figure 3 illustrates the relationships between CPP onset
and performance, along with the Spearman’s correlation
coefficients.

Collective predictive power of neural metrics on DDM
parameters
Next, we examined whether the EEG signatures of decision-
making processes were associated with DDM parameters fitted
to the behavioral measures by modeling each DDM parameter
as a function of the EEG signals in hierarchical regression anal-
ysis. Group, age, and site were entered as nuisance factors at
the first stage of each model.

Neural signals predicting variations in nondecision time (t)
Nondecision time refers to the combination of the time taken to
encode the stimulus and the response execution occurring before
and after evidence accumulation, respectively. The EEG signals
collectively accounted for 30% of variations of the nondecision
time parameter of the DDM and the model fit significantly
improved by adding each of the neural components into the
model (alpha power: R2

adj = 0.15, F(4,74) = 4.40, p= 0.003;
N2c latency: R2adj = 0.21, F(5,73) = 5.10, p < 0.001; N2c amplitude:
R2
adj = 0.20, F(6,72) = 4.23, p < 0.001; CPP onset: R2adj = 0.26,

F(7,71) = 4.97, p < 0.001; CPP slope: R2adj = 0.28, F(8,70) = 4.82,
p < 0.001; CPP amplitude: R2adj = 0.31, F(9,69) = 4.93, p < 0.001;
CNV slope: R2

adj = 0.30, F(10,68) = 4.38, p < 0.001; CNV amplitude:
R2
adj = 0.30, F(11,67) = 4.02, p < 0.001). The analysis of coefficients

revealed that all CPP components (onset: stand. β= 0.37,
t = 3.33, p= 0.001; slope: stand. β=−0.58, t=−2.67, p= 0.009;
amplitude: stand. β= 0.52, t= 2.14, p= 0.03) had independent
predictive power for nondecision time.

Neural signals predicting variations in drift rate (ν)
Drift rate refers to the speed at which the process of evidence accu-
mulation approaches one of the two decision boundaries. Similar to
the nondecision time, the model fit for the drift rate parameter was
significantly improved when each of the EEG metrics was added
into the model. This model explained 30% of the variance in drift
rate (alpha power: R2adj = 0.20, F(4,74) = 5.78, p< 0.001; N2c latency:
R2adj = 0.26, F(5,73) = 4.47, p< 0.001; N2c amplitude: R2adj = 0.25,
F(6,72) = 5.46, p<0.001; CPP onset: R2adj = 0.28, F(7,71) = 5.32,
p < 0.001; CPP slope: R2adj = 0.27, F(8,70) = 4.68, p< 0.001; CPP
amplitude: R2adj = 0.27, F(9,69) = 4.22, p<0.001; CNV slope:
R2adj = 0.28, F(10,68) = 4.01, p<0.001; CNV amplitude: R2adj = 0.30,
F(11,67) = 4.09, p< 0.001). CPP onset (stand. β=−0.30, t=−2.66,
p =0.001) and CNV slope (stand. β=0.27, t=2.13, p=0.03)
accounted for independent variation in drift rate.

Neural signals predicting variations in response threshold (a)
Response threshold is the amount of accumulated evidence
required for a decision to be made. EEG signals explained 22%
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of variations in this parameter and adding each of the EEG
metrics significantly improved the model fit (alpha power:
R2adj = 0.14, F(4,74) = 4.20, p= 0.004; N2c latency: R2

adj = 0.19,
F(5,73) = 4.75, p < 0.001; N2c amplitude: R2

adj = 0.18, F(6,72) = 3.95,
p= 0.002; CPP onset: R2

adj = 0.24, F(7,71) = 4.51, p < 0.001; CPP
slope: R2adj = 0.23, F(8,70) = 3.90, p < 0.001; CPP amplitude:
R2adj = 0.22, F(9,69) = 3.41, p= 0.002; CNV slope: R2

adj = 0.21,
F(10,68) = 3.14, p=0.002; CNV amplitude: R2adj = 0.22, F(11,67) = 3.04,
p=0.002) and only CPP onset (stand. β=−0.31, t=−2.65,
p = 0.01) accounted for independent variation in response threshold.

The results above collectively provide evidence supporting
associations between neural metrics of decision-making as mea-
sured with EEG and DDM parameters derived from behavioral

outcomes. Among all EEG components, the dynamics of CPP
emerged as the strongest contributor to the variations in DDM
parameters.

Neurobehavioral characteristics of decision-making in ADHD
To investigate the distinctions in behavioral, DDM, and electro-
physiological measures of decision-making between the ADHD
and control groups, we conducted MANCOVA with site and
age as covariates. As the Box’s M test score was significant
(p < 0.001), we used Pillai’s trace statistic, which is considered
to be most robust against type I error in MANCOVA (Olson,
1976; Scheiner, 2020). The results revealed significant main
effects of group (Pillai’s trace = 0.36, F(14, 62) = 2.50, p= 0.007,

Figure 3. Relationship between CPP dynamics and performance. A, B, Differences in CPP signal between individuals with different levels of performance. CPP amplitude and slope are
measured from the response-locked CPP (A) and CPP onset is from the stimulus-locked CPP (B). Participants are binned by the behavioral measure using a median split of the data. The thick
line in the graph is the group-averaged waveform and the shaded areas represent changes in the standard error of mean over time. The vertical dashed lines marked “onset” compare the average
onsets between the groups. P, p value from Wilcoxon signed rank test comparing the two groups. * indicates statistical significance (p< 0.05) in group difference. C, The relationship between
CPP onset (derived from the stimulus-locked CPP), which demonstrated significant predictive power for all behavioral measures and performance. p and r, p value and coefficient from partial
Spearman’s correlation analysis while controlling for group, age, and site.
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partial η2 = 0.36) and age (Pillai’s trace = 0.31, F(14, 62) = 1.98,
p = 0.035, partial η2 = 0.31) but not site (Pillai’s trace = 0.25,
F(14, 62) = 1.48, p= 0.15, partial η

2 = 0.25).
Table 1 summarizes pairwise comparisons of all the measures

between the ADHD and control groups. Significant differences
were observed between the two groups across all measures of per-
formance, as well as the drift rate and response threshold param-
eters of DDM. All EEG components showed significant changes
in ADHD in at least one feature of the signal, except for
pretarget alpha. Figure 4 illustrates the differences in spatiotem-
poral patterns of EEG signals between the two groups.

Although CPP onset emerged as the strongest predictor of
behavioral variations among all neural components, it did not
significantly differ between groups. To determine whether the
relationship between CPP onset and performance metrics was
group specific, we conducted a post hoc analysis. Spearman’s cor-
relations (controlling for age and site) revealed that CPP onset
was significantly correlated with all three performance measures
in the control group (RT: rho = 0.4, p= 0.01; miss rate: rho = 0.56,
p < 0.001; hit rate: rho =−0.50, p= 0.001) but only with RT in the
ADHD group (RT: rho = 0.44, p= 0.008; miss rate: rho = 0.26,
p = 0.14; hit rate: rho =−0.27, p= 0.12; Fig. 3). These findings
suggest that, despite the overall significance of CPP onset, other
critical factors—specifically altered in ADHD—obscure the
brain–behavior relationships. Of note, Fisher’s z-tests showed
no statistically significant difference between the correlations
(all p values > 0.05) in the two groups, suggesting this observation
should be interpreted cautiously and explored further in future
research.

Group differences in reaction time are mediated by variations
in the neural measures of evidence accumulation
Given the predictive power of the CPP for decision-making per-
formance and its capacity to distinguish between groups (CPP
slope and amplitude), we tested whether CPP dynamicsmediated
the performance differences observed in ADHD. Because the
mediation effects of the different CPP metrics were likely related,
for each behavioral measure, we jointly tested all the three medi-
ators in one model to assess simultaneous effects more accurately
(MacKinnon et al., 2000, 2007). Bootstrappedmediation analyses
with 5,000 samples (bias-corrected percentile; with site and age as

confounding factors) revealed that the intersubject variation in
RT for the ADHD group, at least in part, depends on individual
differences in the efficiency of evidence accumulation (Table 2).
The mediation effect was observed for CPP slope and amplitude,
but not for CPP onset, which aligns with the lack of significant
group-level differences in onset.

Finally, we sought to determine whether the EEG signatures
could serve as predictors for the clinical scores. Hierarchical
regression models revealed that variations in the EEG signatures
collectively accounted for a significant portion of∼70–80% (R2adj)
variance in each clinical score. The model fit for each score
was significantly improved by adding each neural metric (all
p FDR-corrected < 0.001). However, none of the EEG signals
emerged as independent predictors for the clinical scores
suggesting that these scores may reflect the interplay of multiple
processing stages.

Discussion
In this study, we aimed to develop a mechanistic account of
ADHD-related changes in a fundamental cognitive process by
integrating neurocognitive, neurophysiological, and computa-
tional levels of analysis and identified distinct phenotypic signa-
tures. First, our findings confirmed the link between performance
and the EEG signatures of cognitive processes during perceptual
decision-making, highlighting CPP dynamics as robust, indepen-
dent neural predictors across various measures (RT, miss rate,
and hit rate). Also, consistent with the literature (Rommelse
et al., 2007; Karalunas and Huang-Pollock, 2013), the ADHD
cohort demonstrated significantly slower RTs, a higher number
of missed targets, and a reduced hit rate. DDM parameters (drift
rate and response threshold) also demonstrated sensitivity in dis-
tinguishing ADHD from typically developing children and were
significantly correlated with neural dynamics of evidence accu-
mulation (CPP). In addition, children with ADHD exhibited
altered dynamics in several neurophysiological signatures of
the decision process including target selection (early and attenu-
ated N2c), evidence accumulation (reduced CPP slope and
amplitude), and anticipation of voluntary action (reduced CNV
slope). Critically, the interplay of these neural signals explained
meaningful interindividual variation in performance and clinical
outcomes.

The N2c component is a key signature of early target selection
mechanisms that support the decision process by facilitating
enhanced processing of target features (Loughnane et al.,
2016). Although the marginally earlier latency of the N2c
observed in children with ADHD could be interpreted as
enhanced target detection, its diminished amplitude coupled
with the poorer performance of the ADHD group more likely
indicate premature processing of sensory information and/or
changes in allocation of attentional resources. The N2c is closely
related to the N2pc component elicited during visual search
tasks, reflecting attentional impairment in ADHD, as indicated
by altered timing and reduced amplitude (Cross-Villasana
et al., 2015; Wang et al., 2016; Luo et al., 2019). Like the N2pc,
the N2c functions as a general target selection signal emerging
irrespective of the presence of distractors or the degree of spatio-
temporal uncertainty (Loughnane et al., 2016). Although the N2c
did not seem to act as an independent predictor of performance
or clinical characteristics in ADHD, its significant contribution
to models predicting behavioral outcomes and clinical scores
suggests a partial link between ADHD-related decision-making
impairments and the target selection mechanisms that support
the decision process. N2c dynamics are relatively unexplored in

Table 1. Pairwise comparisons of measures between the ADHD and typically
developing groups

Measures
Mean difference
ADHD–Control

Std.
error Sig.

95% confidence
interval

RT (ms) 59.15 27.44 0.03a 4.48 113.815
Hit rate (%) −3.73 1.66 0.03a −7.04 −0.43
Miss rate (count) 7.74 2.86 0.008a 2.04 13.45
Drift rate (a.u.) −0.72 0.28 0.01a −1.28 −0.17
Nondecision Time (ms) 0.06 0.03 0.06 −0.002 0.13
Response threshold (a.u.) −0.65 0.32 0.04a −1.30 −0.02
Pretarget alpha b(µV2) −0.04 0.05 0.51 −0.14 0.07
N2c latency (ms) −24.93 11.02 0.03a −46.89 −2.98
N2c amplitude (µV) 0.75 0.33 0.02a 0.10 1.40
CPP onset (ms) 25.57 16.62 0.13 −7.54 58.68
CPP slope (µV/ms) −0.006 0.002 0.01a −0.01 −0.001
CPP amplitude (µV) −2.35 0.86 0.008a −4.06 −0.63
CNV slope (µV/ms) 0.02 0.009 0.03a 0.002 0.04
CNV amplitude (µV) 1.28 1.03 0.22 −0.77 3.33
aThe mean difference is significant at an alpha level of 0.05, which survived following FDR correction for multiple
comparisons in each category of measures (behavior, EEG, and DDM).
bMean values are multiplied by 1015. Individual data points are presented in Extended Data Table 1-1.
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the ADHD literature and, given the importance of attentional
differences to ADHD, merit further investigation.

There is evidence that a key mechanism that changes in
ADHD may be the rate of basic information processing
(Rommelse et al., 2007; Salum et al., 2014a,b; Mihali et al.,
2018). Indeed, efforts to model a variety of behavioral impair-
ments associated with ADHD have consistently highlighted the
rate of evidence accumulation as the core contributor to perfor-
mance changes (Karalunas et al., 2012, 2014; Huang-Pollock

et al., 2017, 2020; Weigard and Sripada, 2021). In line with prior
computational modeling studies across various neurocognitive
paradigms (Shapiro and Huang-Pollock, 2019; Weigard and
Sripada, 2021), we found a significant attenuation in the DDM
drift rate parameter in individuals with ADHD. Our EEG
findings complement this work by tracing the dynamics of an
established neurophysiological index of evidence accumulation,
the CPP. CPP dynamics (onset) not only exhibited robust predic-
tive power for all the measures of cognitive performance

Figure 4. EEG signals of decision-making in ADHD and typically developing groups. A, Group-averaged EEG signal waveforms for each neural signature of the decision process. The right graph
illustrates the dynamics of N2c derived from the stimulus-locked signal contralateral to the target location recorded at P7 and P8. The middle graph displays the response-locked CPP, from which
we derived measurements of CPP amplitude and slope. The inset graph depicts the stimulus-locked CPP, used to determine CPP onset. The left graph depicts the dynamics of CNV obtained from
the response-locked signal recorded at FCz. The thick line in the graphs is the group-averaged waveform and the shaded areas represent the standard error of mean at each point of time. The
vertical dashed line at the zero point indicates the onset of the target stimulus for N2c and the stimulus-locked CPP and represents the response time for the response-locked CPP and CNV.
The horizontal dashed line represents the baseline level of EEG activity. The vertical dashed lines marked “onset” compare the average onsets between the groups. B, The scalp maps depict the
potential distribution for each group at the time of peak amplitude, and difference maps demonstrate the distribution of t values resulting from t tests comparing the two groups. The electrodes
highlighted in red indicate the specific electrodes used for the line graphs and subsequent analysis. The scalp maps for CPP represent the response-locked signals used to measure amplitude.
Statistical outcomes are detailed in Table 1.

Table 2. Mediation of CPP components on the impact of group on behavior

95% confidence interval

CPP components Estimate Std. error z value p Lower Upper

Group → Onset → RT −0.08 0.05 −1.52 0.13 −0.20 0.02
Group → Slope → RT −0.23 0.10 −2.31 0.02* −0.44 −0.07
Group → Amplitude → RT 0.17 0.08 2.18 0.03* 0.03 0.37
Group → Onset → MR −0.06 0.04 −1.45 0.15 −0.19 0.01
Group → Slope → MR −0.03 0.06 −0.51 0.61 −0.21 0.11
Group → Amplitude → MR 0.01 0.06 0.13 0.90 −0.16 0.15
Group → Onset → HR 0.06 0.04 1.43 0.15 −0.01 0.18
Group → Slope → HR 0.05 0.06 0.81 0.42 −0.06 0.21
Group → Amplitude → HR −0.02 0.06 −0.35 0.73 −0.17 0.11

RT, reaction time; MR, miss rate; HR, hit rate. * statistical significance. Note: the results are from three separate models for the three behavioral measures.
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examined in this study but also differed significantly between
ADHD and typically developing individuals (CPP slope and
amplitude). Although CPP onset was delayed in the ADHD
group, this difference did not reach statistical significance. This
result, coupled with the apparent weakened relationship
observed between CPP onset and behavior in the ADHD group,
might reflect underlying complexities in the neural dynamics of
ADHD, though this difference was not statistically significant. It
is likely that our trial-averaged approach has obscured variations
in neural timing and amplitude, particularly in ADHD, where
such variability is expected to be higher. This smearing effect
can blur the precise timing and reduce the perceived strength
of neural signals, which prevents the accurate detection of CPP
onset, making it more difficult to detect its true relationship
with behavior. A trial-wise approach that captures both ampli-
tude and timing variations more effectively could potentially
clarify such changes in brain–behavior relationships in ADHD.
In line with claims of inefficient evidence accumulation in
ADHD, we found a reduced CPP slope and a smaller CPP ampli-
tude in the ADHD group. More consistent with previous
research showing that steeper CPP slopes predict faster reaction
times and CPP amplitude is reliably greater for hits than for
misses (O’Connell et al., 2012; Kelly and O’Connell, 2013,
2015), this result provides neurophysiological evidence to sup-
port the hypothesis that suboptimal evidence accumulation or
poorer signal-to-noise ratios in the processing of task-relevant
information may contribute to differences in decision-making
in ADHD.

While both CPP slope and DDM drift rate are suggested to
reflect the rate of evidence accumulation, we found drift rate
was independently predicted by CPP onset, not slope. Despite
this, the inclusion of CPP slope in the regression significantly
improved themodel fit. These results suggest that the twometrics
do correlate, but the contribution of CPP slope to drift rate is
shared with other neural predictors in the model. This agrees
with previous literature, which indicates that CPP slope is
influenced by earlier neural processes in decision-making, such
as attentional engagement (alpha power; Kelly and O’Connell,
2013) and attentional selection (N2 amplitude; Loughnane
et al., 2016). CNV amplitude is also expected to covary with
CPP slope, with larger CPP slopes associated with smaller CNVs
due to faster RTs and less time for urgency to grow. Our data
confirms that CPP slope covaries with both alpha power
(rho = 0.24, p=0.04) and CNV amplitude (rho=−0.34, p=0.003).
Therefore, these neural metrices probably share some of the variance
contributed by CPP slope, making it difficult for CPP slope to
account for unique variance independently. Overall, these findings
suggest that CPPmay not be a direct neural analog to the DDMdrift
rate.

The strong predictive power of CPP onset for drift rate may,
in part, be due to methodological constraints in onset detection.
CPP onset is identified at the point where the signal reliably
exceeds background noise, and this measurement may be
influenced by the rate of evidence accumulation. Participants
with faster accumulation rates could surpass the noise threshold
earlier, leading to earlier detected onsets. Therefore, while we
cannot rule out that drift rate and CPP onset are dependent, there
is a possibility that their true relationship has been obscured by
methodological limitations.

To our knowledge, this study is the first to investigate CPP
dynamics in ADHD. However, the P300 event-related potential
[the CPP is typically observed during extended perceptual discri-
mination, while the P300 is evoked by discrete sensory events

(e.g., an oddball stimulus); Twomey et al., 2015; O’Connell and
Kelly, 2021], also associated with evidence accumulation, has
consistently been reported to have reduced amplitude in
ADHD across a variety of tasks (Itagaki et al., 2011; Hasler
et al., 2016; Kaiser et al., 2020). In fact, these effects are sufficiently
robust that P300 dynamics have been proposed as potential
ADHD biomarkers (Kaiser et al., 2020) and metrics for research
on pharmacological treatment (Ogrim et al., 2016; Yamamuro
et al., 2016; Peisch et al., 2021). Although the interpretation of
these P300 effects varies across tasks, these results can be broadly
characterized as reflecting suboptimal processing of task-relevant
information. The CPP is thought to be functionally equivalent to
the P300 (Itagaki et al., 2011), but studying the CPP offers several
critical advantages over this previous work. Unlike the stimulus-
locked P300, the slope and amplitude of CPP are estimated from
the response-locked potentials accounting for the fact that the
signal peaks at the time of response. Furthermore, the P300 anal-
ysis often overlooks the onset and build-up rate of the signal
which are critical for understanding the neural processes under-
lying evidence accumulation.

The present findings also align with research that indicates
methylphenidate (MPH) enhances cognitive task performance
by improving evidence accumulation.MPH is themainstay treat-
ment for ADHD and has been shown to normalize the reduced
DDM drift rate in ADHD (Fosco et al., 2017). It also realigns
P300 dynamics in neurocognitive (Peisch et al., 2021) and per-
ceptual decision-making tasks (Loughnane et al., 2019).
Additionally, preliminary evidence suggests that MPH enhances
CPP slope in human EEG (Loughnane et al., 2019). The neural
mechanisms by which MPH might enhance evidence accumula-
tion are still largely unknown although some evidence from
behavioral modeling studies suggests that it may regulate the sub-
optimal neural signal-to-noise ratios in children with ADHD
(Ratcliff et al., 2009; Loughnane et al., 2019; Pertermann et al.,
2019), suggesting that an increase in neural gain may account
for effects observed on the P300. Future studies may yield a
deeper understanding of the pharmacology of discrete processing
stages underlying human choice behavior by integrating the EEG
paradigms and computational modeling approach employed in
the present study with pharmacological manipulation.

Finally, our data revealed ADHD-related changes in CNV
dynamics, which also contributed to the variation in behavioral
performance. The CNV signal is commonly observed in target
detection and choice response time tasks, which is associated
with temporal preparation for anticipated events or volitional
movements (Brunia and Van Boxtel, 2001; Van Rijn et al.,
2011; Baker et al., 2012). This signal is influenced by dopaminer-
gic systems (Birbaumer et al., 1990) and its attenuation has been
widely reported in children (Banaschewski et al., 2003; Doehnert
et al., 2013; Kaiser et al., 2020) and adults with ADHD
(McLoughlin et al., 2010, 2011; Hasler et al., 2016). Indeed, this
signal has been suggested as a robust neurophysiological marker
of ADHD which effectively captures the underlying deficits in
their preparatory motor processes (Doehnert et al., 2013;
Kaiser et al., 2020). In the context of perceptual decision-making,
the CNV is also described as a neural index of urgency which
grows in a time-dependent but evidence-independent manner
reflecting speed pressure in response (Devine et al., 2019).
Given the slowed evidence accumulation in the ADHD group,
one might expect an increased urgency to reach decision com-
mitments as a compensatory mechanism. It appears that such
strategic adjustment was not adaptive here as the ADHD group
demonstrated poorer performance on average. This finding,
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along with the observed reduction in decision threshold in
ADHD, may provide further evidence supporting that they
may have inefficient adjustment in the inherent speed/accuracy
trade-off in response to task demands (Mulder et al., 2010). It
is possible that dysregulation of the timingmechanism associated
with the CNV may contribute to this relative maladaptation.

Our findings establish links between EEGmetrics of decision-
making, behavior, and DDM parameters in children with and
without ADHD. Future studies should confirm these relation-
ships in diverse cohorts to strengthen the robustness and gener-
alizability of our results. The present study also provides novel
neurophysiological evidence linking differences in decision-
making in ADHD to alterations in the dynamics and interplay
of the neural signals indexing three key cognitive processes: tar-
get selection, decision formation, and dynamic urgency. The
results provide an integrated account of these changes, identify-
ing neural signals with the potential to explain diverse perfor-
mance profiles in ADHD and to inform personalized treatment
approaches. These neural markers can also serve as critical guid-
ance in constructing or constraining mechanistic accounts in
future ADHD research. Crucially, the altered relationship
between specific neural signals and behavior in ADHD may
uncover unexplored mechanisms underlying decision-making
processes, warranting further in-depth investigation.

Data Availability
Our custom-developed EEG pipeline, including the preprocess-
ing steps and extraction of the EEG metrics, along with our
code for DDM of the behavioral data, is available at https://
github.com/ManaBiabani/DM_ADHD.
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