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Abstract: A classification methodology based on an experimental study is proposed towards a fast 
pre-diagnosis of attention deficit. Our sample consisted of school-aged children between 8 and 12 
years from Valencia, Spain. The study was based on the response time (RT) to visual stimuli in 
computerized tasks. The process of answering consecutive questions usually follows an ex-
Gaussian distribution of the RTs. Specifically, we seek to propose a simple automatic classification 
scheme of children based on the most recent evidence of the relationship between RTs and ADHD. 
Specifically, the prevalence percentage and reported evidence for RTs in relation to ADHD or to 
attention deficit symptoms were taken as reference in our study. We explain step by step how to go 
from the computer-based experiments and through the data analysis. Our desired aim is to provide 
a methodology to determine quickly those children who behave differently from the mean child in 
terms of response times and thus are potential candidates to be diagnosed for ADHD or any another 
cognitive disorder related to attention deficit. This is highly desirable as there is an urgent need for 
objective instruments to diagnose attention deficit symptomatology. Most of the methodologies 
available nowadays lead to an overdiagnosis of ADHD and are not based on direct measurement 
but on interviews of people related to the child such as parents or teachers. Although the ultimate 
diagnosis must be made by a psychologist, the selection provided by a methodology like ours could 
allow them to focus on assessing a smaller number of candidates which would help save time and 
other resources. 

Keywords: attention deficit hyperactivity disorder (ADHD), reaction time, ex-Gaussian analysis. 
 

1. Introduction 

Among cognitive disorders, attention deficit hyperactivity disorder (ADHD) common in 
children and can be present until an adult age in about 30–50% of cases [1,2]. It usually comes with 
problems paying attention, hyperactivity and impulsive behavior [3]. There are other elements 
associated with ADHD such as behavior problems, low academic performance, rejection, non-
compliance with others, with others, and lack of social skills [4,5]. These educational and psychosocial 
consequences that come with ADHD and have long-term impact can be alleviated with early 
assessment and treatment [6]. An estimate of the world prevalence percentage of ADHD is 5%–7% in 
school-aged children (American Psychiatric Association, 2013).   
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The process of diagnosing ADHD is somewhat long and tedious compared to the diagnosis of 
other mental disorders [7]. According to the American Academy of Child and Adolescent Psychiatry 
(AACAP), the assessment of ADHD should include collecting information from the parents, school, 
interviews with the child, and gathering information about the overall functioning of the child, 
including the child’s medical, social, and family histories [8]. Given the fact that performing a good 
diagnosis of ADHD may be a difficult and long task to do, it is desirable to count on a methodology 
capable of determining quickly those children more likely to be diagnosed with ADHD. Based on 
this first screening, clinicians can make a more definite diagnosis. A methodology with these features 
may contribute enormously to saving resources and serve as a guide to psychologists. 

Previous work [9] has reported that children suffering from ADHD can be impulsive and 
respond faster than other children. On the other hand, their performance is very slow in cognitive 
tasks. Their mean response times are higher independently from the specific ability being tested [10–
12]. Overall, children with ADHD show both very fast and very slow responses and thus present a 
high intra-individual variability (IIV) [13].  

Response time distribution are positively skewed [14] and thus are not properly described by 
standard central tendency estimators, for instance, the mean and standard deviation [15,16]. In this 
respect, the ex-Gaussian function has been proven to optimally fit the probability distribution curves 
of the RT [17,18]. This function results from a convolution of a Gaussian and an exponential function 
[19] from where, there interpretable parameters result: μ, σ, and τ [15,20]. Parameters μ and σ come 
from the Gaussian function and τ from the exponentially distributed component, which relates to the 
positive skew of the RT distribution. Where the data are represented by ex-Gaussian function, 
trimming of the data is not necessary which may lead to a subjective variation of the sample by 
removing extremely high RT values treated as outliers.  

There are a number of works in the literature where the ex-Gaussian function is used to represent 
the RT data and interpret its parameters μ, σ, and τ in relation to cognitive disorders. For instance, 
parameters σ and τ, along with the standard deviation of the ex-Gaussian function have been found 
to be related to ADHD in adults. Similarly, correlation was found between τ and the rate of omission 
errors [17]. In the case of youth with ADHD, the ex-Gaussian analysis revealed larger standard 
deviation and parameter τ (of the exponential component) [21]. In Reference [22], the authors, studied 
ADHD and autism spectrum disorder (ASD) in children aged 7–10 years to gain insights into the 
attentional fluctuations, related to increased response time variability. The ex-Gaussian parameters 
are claimed to be clearly correlated with cognitive processes such as attention. The exponential 
component τ seems to be diagnostic of ADHD particularly in boys [23]. However, the authors in 
Reference [18] determined that this is not absolutely true, as the ex-Gaussian parameters may not 
correspond uniquely to specific cognitive processes. In this respect, they point out that researchers 
should be more careful when examining the changes in the ex-Gaussian parameters.   

In summary, when it comes to interpreting the ex-Gaussian parameters, children showing a 
combination of higher μ values and low τ values are more likely to have slower response times. On 
the other hand, children showing lower values of the parameter μ and higher values of τ correlate 
with much faster or much lower responses. The representation of the data in terms of an ex-Gaussian 
distribution has been a common procedure whose benefits have been widely discussed in the 
literature [24–27].  

The main advantage of the ex-Gaussian analysis consists of its three parameters may be 
correlated with cognitive processes [26], although there is a large debate about the functional 
interpretation of these parameters [21]. In this respect, τ seems to be the parameter attracting the most 
attention and has been described as a perceptual aspect of RT [28], related to decision [14] and in 
more recent works, as a defective effort control mechanism or attentional component [23]. In addition, 
there are plenty of works in the literature supporting the idea of interpreting the response time in 
computerized tasks in terms of ex-Gaussian parameters as a useful approach to gain access to a more 
sensitive and specific measure of variability in patients with ADHD [29]. 

In this work, a response time classification methodology based on an experimental study is 
proposed towards a quick pre-diagnosis of attention deficit or any another cognitive disorder related 
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with it. Our sample consisted of school-aged children between 8 and 12 years from Valencia, Spain. 
Response times (RTs) were collected from computerized tasks based on visual stimuli. 

First, we aimed to find the empirical probability distribution for the response time which can be 
considered the normative behavior of a child in the population that was explored. Subsequently, we 
proposed a classification methodology that identified those children lying furthest from the 
normative behavior of a child. The RT data were represented in terms of the ex-Gaussian function 
and its three parameters. Subsequently, the probability distributions of these parameters and of the 
mode were used to establish a classification methodology. The ex-Gaussian parameters were also 
considered in a more global approach as components of a vector, which is associated to each child 
through its norm definitions.    

Our main hypothesis is that, taking into account the prevalence percentage of ADHD in general, 
childhood population, and the most recent evidence of the relationship between RTs and attention 
deficit in the literature, we should be able to establish a simple automated classification scheme of 
children with attention deficit based on their statistical RT distribution to visual stimuli. 

We explain in detail all stages followed in the data analysis. Our ultimate aim was to provide a 
classification methodology to determine, without going through the entire diagnosis process, those 
children who may be behaving differently from the mean child regarding attention deficit and thus 
are potential candidates to be diagnosed with ADHD or any another cognitive disorders. This is the 
first part of a series of works on classification methodologies based on different representations of 
the RT data and their relationship with cognitive disorders.  

2. Materials and Methods  

2.1. Participants 

A sample of 190 children (95 males and 95 females) with ages between 8 and 12 years. The age 
distribution of the sample is shown in panel a) of figure 1. The overall mean age was 9.5 years, with 
a standard deviation (SD) of 1.3 years. The mean ages and standard deviations of females and males 
were 9.4 (SD = 1.3) and 9.7 (SD = 1.2) years, respectively. The differences were not statistically 
significant. The children who participated in the experiments attended a primary school in Valencia 
(Spain). This public school is located in the La Patacona District of Alboraia municipality. We 
obtained all necessary consents and authorizations at all necessary levels, namely, the children’s 
parents, the Direction of the School, and the City Council. This study was carried out in accordance 
with the recommendations of the Secretariat of Education of the Valencian Community. The protocol 
was approved by the Government of Valencia (Generalitat Valenciana). The due written consent of 
the children’s parents or legal guardians was obtained in accordance with the Declaration of Helsinki 
[30]. The children forming our sample were not previously diagnosed with ADHD. The children 
participating in the computerized experiments had never had any health issue, such as any seizures, 
brain injury or any other neurological damage, which could bias the results by mimicking ADHD. 
This information was obtained from parents and from school psychologists, who assessed all the 
children at the start of primary school and continued to assess them biannually. 
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Figure 1. The age distribution of the sample is shown in panel (a) and a fragment of a *.azk 
output file in panel (b). In order to protect the privacy of the child who performed the 
experiment, the characters "TTTTT" have been used as a pseudonym for the actual name. 

2.2. Experiments with DMDX 

Computer-based experiments were carried out through the Windows program DMDX [31] 
widely used in the community of experimental and cognitive psychologists [26,32]. By means of this 
program, stimuli were presented to the participants and RTs recorded. The tasks applied in this work 
were designed by psychologists of the Interdisciplinary Modeling Group InterTech 
(www.intertech.upv.es), a team from both the Polytechnic University of Valencia and the University 
of Valencia, Spain. Experiments were carried out in a quiet classroom and using laptop computers 
bearing DMDX software. Each experiment lasted for 6–7 minutes and stimuli were presented 
randomly to avoid order presentation effects. 

The experiments included an attention network task (ANT) [32] which seeks testing three 
attentional networks: alerting, orienting, and executive control. Alerting network is assessed by 
changes in reaction time as a result of a warning signal. Orienting is related with changes in the RT 
indicating where the target will take place. Finally, the efficiency of the executive control is carried 
out by asking the children to answer by pressing the keys in indicating left or right direction of an 
image placed at the center in between neutral, congruent or incongruent flankers. These three 
networks are very related among them [33,34]. Each stimulus consisted of 5 fish aligned horizontally 
looking at the right or the left (Figure 2a). The color is black and the background is white. The 
objective of the task was to identify, in each trial, the direction of the central fish. There were three 
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cases depending on the orientation of the fish around the central one. The neutral case was when 
there was only the central fish. The congruent case was where the surrounding fish were placed in 
the same direction as the central fish. The third case was where the surrounding fish were placed in 
the opposite direction in respect to the central one. If the central fish was facing right, the key labeled 
“M” should be pressed, if not, the key labeled “Z” should be pressed (Figure 2a). Four cue conditions 
anticipated the appearance of the target, namely, “no cue”, “central cue”, “spatial cue”, and “double 
cue” which vary depending on the stimulus (Figure 2b). A total of 144 stimuli were presented in a 
random way and for a maximum of 2500 ms or until the child pressed a key. 

 
Figure 2. In panel (a), a visual example of the attention network task (ANT) carried out in 
this work is shown whereas in panel (b), the four cue conditions are included. 

2.3. Procedure for the Data Analysis 

The results of the experiments performed on DMDX software were saved out to a file with the 
extension *.azk. Figure 1b shows a fragment of this file. First, a heading with the computer and 
student data can be found. Just after, two columns are shown. The first named "ITEM" contains a 
number assigned to each item in the design of the experiments. The second column indicates the 
response time in milliseconds. 

Two types of errors can be found in the output data. The first happens when the child does not 
react after the exposure time of the image (2500 ms) has passed. The second error takes place when 
the child does not respond correctly and presses the wrong key. Errors have not been analyzed in the 
present study, although they can correlate with attention deficit. This important aspect will be 
considered in full in a further article which is currently under way. 

By using a home-made code written in FORTRAN, the output files (*.azk) were filtered such that 
records with errors were not included. The data were organized in the new file with three columns. 
The first column was a number identifying each trial (child), the second was the item number in the 
experiment, and the third was the response time. 

Once the output files were cleaned by removing the undesired records, histograms of the 
response times were constructed for each trial. Different bin widths were tried out. The optimal bin 
size used to construct the histograms was 50 ms. Subsequently, probability distribution functions 
were calculated by means of dividing the counts per bin by the total number of counts. The 
probability distribution functions were the starting point for the statistical analysis carried out in this 
work. In a first part, descriptive statistics were used and in the second an ex-Gaussian analysis with 
the corresponding interpretation of the three parameters of this function. 

3. Results and Discussions 

Figure 3 summarizes the results from filtering the output data (.azk files) obtained with DMDX 
program for the tasks considered in this work. Specifically, it shows the averages over the probability 
density curves corresponding to the data obtained with each laptop computer used to carry out the 
experiments. It can be seen that the DMDX program corrects properly the timing differences among 
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the microprocessors. The number of response times included in each average is indicated between 
parentheses. It can be also noticed that all curves almost overlap and peak around 575 ms 
approximately. 

 
Figure 3. Comparison of the outputs from the different laptop computers used in the 
experiments. 

The probability distributions of the RTs are shown in Figure 4. These curves where obtained 
from the histograms by dividing the number of counts corresponding to each bin over the total 
number of counts. The bin-by-bin average curve is represented along with the single curves. We 
worked with a sample of children who had not been diagnosed with ADHD before; however, there 
may occur a 7% prevalence rate within the sample. In any case, we assumed that this 7% would not 
significantly vary the mean curve shown in Figure 4, which represents the average child. 

 
Figure 4. Probability distributions and average curve. 
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3.1. Ex-Gaussian Analysis 

In order to represent the RT data, we have chosen the ex-Gaussian distribution which has proven 
to be a good fit in previous works [35,36]. Our sample size is in line with Ratcliff et al. [37], who have 
suggested that samples with at least 100 data points are considered reliable as for parameter 
estimates. As commented in the Introduction section, the ex-Gaussian distribution relates three 
parameters: μ (the mean of the Gaussian component), σ (the standard deviation of the Gaussian 
component), and τ, which is the decay constant of the exponential component. These parameters are 
claimed in multiple works to describe cognitive processes such as attention or effort control 
mechanism, although there is a big debate in the literature about their interpretation [21]. 

Among the different forms of the ex-Gaussian distribution we have chosen the following as this 
is the one incorporated in the professional software for data analysis, ORIGIN version 6.1 
[https://www.originlab.com/], used here as a reference to test our FORTRAN code, 

f(x) = y଴ + At଴ eଵଶ(ன୲బ)మି୶ି୶ౙ୲బ න 1√2π୸
ିஶ e୷మଶ dy, (1) 

where z = ୶ି୶ౙன − ன୲బ. 

In Equation (1), the parameters can be identified as μ=xC, σ=ω y τ=t0, that is, in terms of the 
Gaussian and exponential functions parameters,  fଵ(x) = ୅୲బ eି ౮౪బ, (2) 

fଶ(x) = 1√2πω eି(୶ି୶ౙ)మଶனమ . (3) 

It should be pointed out that μ and σ do not represent the mean and the standard deviation of 
the ex-Gaussian distribution. Instead, the true mean of the distribution is M = μ + τ, the variance S2 = 
σ2 + τ2, and the skewness 2τ3/S3 [38]. In fact, one can characterize this distribution f(x) through its 
moments. One can consider moments of this distribution centered either at the origin (raw moments), 
or centered at the corresponding average (central moments). Thus,   𝑀 ≡ ׬ x f(x) dxஶିஶ , (4) 

is the raw moment of order one, whereas,       Sଶ ≡ ׬ (x − M)ଶ f(x) dx,ஶିஶ   (5) 

is the variance, or second central moment, of the random variable x with probability distribution f(x) 
and centered at M. The positive squared root of the above, S, is the standard derivation. On the other 
hand, the skewness t of the distribution is defined as t ≡  1/Sଷ ׬ (x − M)ଷ f(x) dxஶିஶ .  (6) 

That is, the centered moment of order three, divided by the standard deviation cubed. 
Altogether, an ex-Gaussian distribution can be characterized through its three moments, a ≡ (M, Sଶ, t) (7) 

The fitting parameters and their uncertainties were obtained by the non-linear fitting algorithm 
of Levenberg–Marquardt [39,40], implemented in the ORIGIN version 6.1 data analysis software. 

3.2. Classification Methodology 

As stated above, the main objective of this work was to provide a methodology for a fast 
determination of the children whose time reaction differs from the mean and thus are potential 
candidates to be diagnosed with ADHD. To do so, evidence from the literature was used as criteria 
in our automatic methodology. The main criterion came from the world prevalence percentage, 7% 
for school-aged children according to the American Psychiatric Association (American Psychiatric 
Association, 2013). We would like to point out that any more specific prevalence percentages can be 
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used if available. Then, the prevalence percentage was split between slow and fast response time 
regions in the probability distributions. Previous work indicates that children with ADHD are likely 
to manifest rather low and fast responses in the RT distributions [41]. 

There is another criterion which has not been considered here but could be also included along 
with the previous ones. ADHD occurs about three times more often in boys than in girls, although 
some authors claim that the disorder is often overlooked in girls due to their symptoms differing 
from those of boys [42]. 

For our analysis we have considered four parameters. The mode, which is the value that appears 
most often in a dataset which is derived from descriptive statistics. This is a better descriptor than the 
mean value as the ex-Gaussian is a skewed distribution where the mean would not have a useful 
interpretation. The other three parameters come from the ex-Gaussian representation of the data, μ, 
σ and τ, which have been widely related with ADHD in the literature [26,38]. 

To combine both criteria stated above in one, probability distributions have been built for each 
of the four parameters aforementioned, namely, for the mode and for ex-Gaussian distribution 
parameters. In order to account for the skewness of the probability distributions of each of the four 
parameters, the percentages of counts at both sides (left and right hand sides) of the mode, namely 
x_"left" and x_"right" , are determined from the corresponding number of counts, N_"left"  and 
N_"right" . Then, the prevalence percentage (P) can be expressed as,           P = xL + xR = (Nleft/N)100 + (Nright/N)100. (8) 

We took the world prevalence percentage, P=7% [3] which is inclusive of both genders. We are 
aware that ADHD is more prevalent in males than females (4:1 ratio), and that this ratio tends to 
become 1:1 by the adult age [43]. This methodology as applied to our data, was reflected in Figures 5 
and 6, where the probability distributions of the four parameters are shown along with the resulting 
splitting of the prevalence percentage for each case. The resulting candidates according to the split 
percentages were included in Table 1, and in Figures 7 and 8. It should be considered that those 
candidates with a very fast response time may also include skilled children who are able to answer 
the experiment’s queries both correctly and quickly. If the fast-responding children make a 
considerable number of mistakes, that could be used as a complementary criterion for the selection 
of ADHD candidates.  

Previous work, where the ex-Gaussian function was used to represent the RT data in children 
with ADHD, seem to indicate that ADHD correlates with slow response times and high RT 
variability, namely, large values for 𝛔 and 𝛕 parameters [22,44]. This is one of the reasons why we 
are including here the probability distribution of the ex-Gaussian function parameters as well.   

Table 1. Results of the classification for the distribution of the mode, 𝛍, 𝛔 and 𝛕 (columns 
from second to fifth) taking into account a 7% of world prevalence of ADHD in school-aged 
children. The rows show the mode, the probability percentages at both sides of the mode 
(%-PD), the splitting of the prevalence percentage (%-Prev.), corresponding number of 
children (No. Ch.), and the selected children in terms of labels. 

 Mode  𝛍 𝛔 𝛕 
Mode (ms) 525.5 545.5 87.5 112.5 

 L R L R L R L R 
%-PD 44.4 55.6 45.0 55.0 16.5 83.5 14.9 85.1 

%-Prev. 3.1 3.9 3.2 3.8 1.2 5.8 2.0 5.0 
No. Ch. 6 7 6 7 2 11 2 11 

Selected 
children (labels) 

2, 28, 34, 55, 77, 75, 
130, 85, 102, 107, 134, 

142, 159 

28, 34, 55, 58, 75, 
77, 80, 102, 106, 

130, 163, 167, 184 

5, 39, 41, 58, 71, 80, 
85, 109, 130, 136, 

141, 183, 184 

5, 28, 34, 55, 
58, 80, 109, 

113, 133, 136, 
163, 183, 187 
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Figure 5. Probability distributions of the mode (a) and of μ parameter in an ex-Gaussian 
representation of the data (b). 
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Figure 6. Probability distributions of σ (a) and τ (b) parameters in an ex-Gaussian 
representation of the data. 
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Figure 7. Probability distributions of the candidates resulting from the probability 
distribution of the mode in panel (a) and of the candidates resulting from the probability 
distribution of the parameter μ in panel (b). The average curve has also been included. 
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Figure 8. Probability distributions of the candidates resulting from the probability 
distribution of σ (a) and τ (b) parameters of the ex-Gaussian probability density. The 
average curve has also been included. 

3.3. Vector Criterion Based on the Ex-Gaussian Parameters 

A number of N=190 vectors, of three components each, was defined over the parameters of the 
ex-Gaussian distribution for each student. The components of each vector were calculated as the 
difference of each student's parameter (μ୧,  σ୧, and  τ୧) with respect to the mode of the corresponding 
parameter's probability distribution (Mஜ, M஢, and Mத),           X୧ = (μ୧ − Mஜ, σ୧ − M஢, τ୧ − Mத). (9) 

We will use two common norm definitions for the vector defined in equation (9) such that each 
student can be identified globally by a single scalar. This is a transformation of the data from the 
separate parameters to a scalar number which can capture maybe a more complex relationship 
between response time and cognitive disorders. The first norm is the Euclidean defined as, 
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         ‖X୧‖ଶ = ((μ୧ − Mஜ)ଶ +  (σ୧ − M஢)ଶ +  (τ୧ − Mத)ଶ)ଵ/ଶ. (10) 

The second norm definition used here is the norm of the maximum,  ‖𝐗𝐢‖ஶ = max (|μ୧ − Mஜ|, |σ୧ − M஢|, |τ୧ − Mத|). (11) 

Figure 9 shows the curves for the norms defined above applied to the vector in equation (8) as a 
function of the student label. The highest peaks in the plot represent the students whose ex-Gaussian 
parameters lie furthest from the respective modes. In this case, the students labeled as 5, 34, 41, 58, 
80, 110, 131, 137, 142, 169, 185, 186, 189 represent the 13 students ranking highest (~7% of 190) for both 
norms.  

 
Figure 9. Euclidean norm and the norm of the maximum applied to the vector defined in 
Equation (8) as a function of the student label. In the upper panel, students from 1 to 100 
are shown, and in the lower panel, students from 101 to 200. The students labeled as 110 
(M), 131 (F), 137 (M), 169 (F), 185 (M), and 189 (F) appear in this classification only. The 
letter “M” between parentheses stands for male and the letter “F” for female. 

4. Conclusions 
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A classification methodology based on response time data was proposed towards a quick pre-
diagnosis of attention deficit or any another related cognitive disorder. The mode of the probability 
distributions of the RTs and the three parameters from an ex-Gaussian representation of the RT data 
were used to identify a number of children from the sample with non-normative behavior according 
to the world prevalence percentage of ADHD. Our methodology took into account the skewness of 
the probability distributions of the four parameters. The prevalence percentage was then split into 
the slow and fast RT regions proportionally to the percentage of counts at both sides of the mode of 
the probability distribution function. It should be pointed out that the candidates falling in the very 
fast region of the RT distribution may include skilled children who are able to respond fast and 
correctly. In general, a complementary criterion such as the number of mistakes made by the child 
can help select the candidates for ADHD among the fast-responding children. We provide a number 
of classification possibilities, all of them based on the prevalence percentage and the probability 
distributions of the mode and ex-Gaussian parameters. Among them, a classification based on the 
distance of the ex-Gaussian parameters to their respective mode which constitute the components of 
a vector whose norm serves as a unique, global scalar identifier of each child. We would like to point 
out that the validity of this work is not limited to ADHD pre-diagnosis but to identifying children 
with attention and cognitive disorders in general. Our methodology could also be adapted to 
cognitive disorders in elderly people, as they clearly correlate with slower response time as well. The 
development of objective instruments is highly desirable as methodologies available nowadays are 
not based on direct measurements but on interviewing people related to the child, and are known to 
lead to an over-diagnosis of ADHD. Although the ultimate diagnosis must be made by a 
psychologist, the selection provided by our methodology will allow them to focus on assessing a 
smaller number of children that would help save time and other resources. We aimed to develop a 
simple, fast automated methodology based on the response time as another step towards the 
diagnosis of cognitive disorders.  
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