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Attention Deficit Hyperactivity Disorder

History

Records of characteristics resembling what we now recognize as ADHD dates back to

almost 200 years ago. In 1902, George Still documented 43 children grappling with significant

challenges in maintaining attention and adhering to moral standards in regulating their behavior.

In doing so, he emphasized the importance of considering the consequences of one's actions for

both oneself and others, cautioning against behaviors like “lawlessness”, spitefulness, and

dishonesty within his clinical observations (Barkley et al., 2008). In 1930 this condition was

known by various terminologies, such as "Minimal Brain Dysfunction" and

"Hyperactive/Hyperkinetic Syndrome." Historical records from the 1930s indicate that

physicians observed a paradoxical calming effect of stimulant medications, typically associated

with increased activity, in children exhibiting hyperactivity and presumed to have "brain

damage." However, these stimulant treatments were not employed for children with genetically

rooted neurodevelopmental disorders like Down syndrome (Barkley et al., 2008; Mahone &

Denckla, 2017). The term “ADHD” was coined in 1980, and its diagnostic criteria have evolved

since then (Mahone & Denckla, 2017). It was initially perceived as a childhood disorder and its

symptoms were believed to gradually disappear by adolescence; however, ADHD is now

recognized as the most prevalent neurodevelopmental disorder. It affects approximately 5% of

the school-aged population globally (Antshel et al., 2011; Cortese & Coghill, 2018; Mahone &

Denckla, 2017), persisting into adulthood in 65% of cases (Bernardi et al., 2012). This shift in

understanding has brought significant attention to the topic over the past 35 years, especially

with advancements in neuroimaging techniques translating findings into clinical practice

(Cortese & Coghill, 2018). The evolving epidemiology of ADHD highlights the importance of

identifying its causes and impacts. In this paper our focus will remain on ADHD in adults.

https://www.zotero.org/google-docs/?i9nsva
https://www.zotero.org/google-docs/?H0Kg0N
https://www.zotero.org/google-docs/?H0Kg0N
https://www.zotero.org/google-docs/?ym9Wfc
https://www.zotero.org/google-docs/?8U261C
https://www.zotero.org/google-docs/?8U261C
https://www.zotero.org/google-docs/?RZXZ5l
https://www.zotero.org/google-docs/?wl6eHV
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Who is an “ADHD” person?

Core symptoms associated with ADHD are mostly known as inattentiveness,

hyperactivity, and impulsivity (Anbarasan et al., 2020; Antshel et al., 2011; Barkley et al., 2008;

Furman, 2005). These symptoms evolve over the lifespan of an individual diagnosed with

ADHD. While inattentiveness tends to remain relatively stable; the capacity to concentrate on

areas of interest shows variability, often improving but still retaining a degree of unpredictability

(Ginapp et al., 2022). Hyperactivity in ADHD adults is characterized by persistent restlessness

and a difficulty in relaxation, whereas impulsivity is associated with engaging in behaviors that

carry significant risks, such as impulsive speech, reckless driving, and problematic gambling, etc

(Bernardi et al., 2012; Ginapp et al., 2022; Kosheleff et al., 2023).

It is important to note that the presence of these symptoms alone does not constitute the

primary complaint or sole criteria for diagnosis. The key factor prompting treatment is usually

some type of functional impairment in various life domains (Kosheleff et al., 2023). Executive

dysfunction, which can arise as a result of ADHD's core symptoms, manifest in challenges

related to time management, organization, and task execution. These issues are common across

all age groups but are especially problematic in adulthood, as individuals transition from a

structured upbringing to greater self-dependence. This shift can significantly affect their studies,

employment, and interpersonal relationships (Kosheleff et al., 2023).

Studies suggest that adults with ADHD often experience internal feelings of restlessness

and exhibit external signs of disorganized lifestyles and turbulent interpersonal relationships

(Ginapp et al., 2022). Additionally, these individuals are more likely to face adverse outcomes,

including traumatic experiences, and are characterized by lower perceived health, diminished

social support, higher stress levels, and an increased risk of accidents and significant life events.

This increased vulnerability may partly explain the higher incidence of PTSD in this population

(Bernardi et al., 2012). In comparison with adults without ADHD, those with the condition report

a lower quality of life and suffer from anxiety, depression, and daytime sleepiness (Agarwal et

al., 2012). Adults with a lifelong history of ADHD are found to have a higher incidence of

psychiatric issues, poorer mental health overall, and lower life satisfaction (Weissenberger et al.,

2018).

https://www.zotero.org/google-docs/?YblXfh
https://www.zotero.org/google-docs/?YblXfh
https://www.zotero.org/google-docs/?kNVYag
https://www.zotero.org/google-docs/?rBsvpZ
https://www.zotero.org/google-docs/?GJVS1R
https://www.zotero.org/google-docs/?ckM0ER
https://www.zotero.org/google-docs/?fuM2vu
https://www.zotero.org/google-docs/?wAihqK
https://www.zotero.org/google-docs/?PqDFL9
https://www.zotero.org/google-docs/?PqDFL9
https://www.zotero.org/google-docs/?nGZ8Zz
https://www.zotero.org/google-docs/?nGZ8Zz
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the wider symptomatology of ADHD, where co-occurring internal disorders amplify

cognitive and emotional regulation difficulties (Balázs & Keresztény, 2014; Kóbor et al., 2012;

Overbey et al., 2011). Large body of research has found the comorbidities of ADHD with

depression and anxiety, these comorbidities often complicate the diagnosis and treatment of

ADHD, as symptoms of depression and anxiety can overlap with or mask the symptoms of

ADHD; making them crucial part of management of the syndrome and assessment of their

broader clinical needs and helping them to improve the quality of life (Agarwal et al., 2012;

Antony et al., 2022; Coutinho et al., 2021; Nemesure et al., 2021; Sevincok et al., 2020). This

combination often results in a greater impairment in social, academic, and occupational

functioning.

Diagnostic criteria for ADHD

In the transition from DSM-4 to DSM-5, the criteria for diagnosing ADHD underwent

significant changes (Cortese & Coghill, 2018). Initially, the DSM-4 required the presence of

either six symptoms of inattention or six symptoms of hyperactivity-impulsivity, with these

symptoms needing to be evident for at least six months. Additionally, it was necessary for the

symptoms to cause impairment in more than one setting, such as at home and school, and they

had to appear before the child turned seven years old. However, recognizing that these criteria

might be too stringent (Faraone et al., 2006), the DSM-5 introduced some adjustments. For

individuals over 17, the threshold for symptoms was lowered to five instead of six. This change

indicates that the manifestations of ADHD can be different in adults compared to children. Also,

the age by which symptoms must first appear was raised from 7 to 12 years old. This shift allows

for the diagnosis of ADHD in individuals who may not have shown clear symptoms until later in

childhood, also accommodating the possibility of a retrospective diagnosis when symptoms

become more apparent as responsibilities increase with age.

Treatment and coping with ADHD

It has been found that less than half of individuals with ADHD have ever sought

treatment, typically in late adolescence or early adulthood (Bernardi et al., 2012). Furthermore,

https://www.zotero.org/google-docs/?LkutWA
https://www.zotero.org/google-docs/?LkutWA
https://www.zotero.org/google-docs/?jHbQAQ
https://www.zotero.org/google-docs/?jHbQAQ
https://www.zotero.org/google-docs/?rbtGDs
https://www.zotero.org/google-docs/?3cN4gz
https://www.zotero.org/google-docs/?4wPnuG
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there is a notable gap in treatment provision, with only about a quarter of those seeking treatment

actually receiving it (Kessler et al., 2006; Merikangas et al., 2010).

Research also indicates that the lifetime treatment rates for ADHD are only 44.02%, and the

average age of first treatment is 18.4 years, suggesting a significant undertreatment issue

(Bernardi et al., 2012). Individuals living with undiagnosed ADHD often develop their own

coping mechanisms, which include structured routines, maintaining to-do lists, using reminder

apps, adjusting their environments to minimize distractions, or opting for an unstructured

lifestyle and working from home (Ginapp et al., 2022). An interesting aspect of self-medication

among individuals with ADHD is the use of cigarette smoking, which has been found to have

positive effects on ADHD symptoms due to the effects of nicotine on attentiveness and alertness

(Weissenberger et al., 2018).

The benefits of receiving treatment for ADHD are significant. Improvements have been observed

in various aspects of life, including vitality, social, emotional, and physical functioning, which

contribute to enhanced overall physical and mental health (Agarwal et al., 2012). Additionally,

adults who were diagnosed reported experiencing relief, reduced self-criticism, and a better

understanding of their symptoms, leading to less shame about their perceived shortcomings

(Aoki et al., 2020; Ginapp et al., 2022; Toner et al., 2006).

Subclinical ADHD

What is Subclinical ADHD?

Subclinical ADHD, also known as subthreshold ADHD, is a condition where individuals

exhibit ADHD-like symptoms but not to the extent required for a formal ADHD diagnosis.

These symptoms often include difficulties with attention, working memory, self-regulation, and

executive functions. While less severe than full ADHD syndrome, subclinical ADHD can still

significantly impact quality of life, leading to lower life satisfaction and functional impairments

in educational, interpersonal, and day-to-day activities (Brown & Casey, 2016; Overbey et al.,

2011).

https://www.zotero.org/google-docs/?AIPj7g
https://www.zotero.org/google-docs/?A3UXPr
https://www.zotero.org/google-docs/?83Wcre
https://www.zotero.org/google-docs/?zzhwFj
https://www.zotero.org/google-docs/?s0jR2p
https://www.zotero.org/google-docs/?NfEV6Q
https://www.zotero.org/google-docs/?TXGDea
https://www.zotero.org/google-docs/?TXGDea


7

Prevalence and Diagnostic Challenges

The prevalence rate for subclinical ADHD is reported to be between 0.8% and 23.1%

(Balázs & Keresztény, 2014). This wide range is due to the lack of consensus on the definition of

“subclinical ADHD” within the scientific community. There are no definite diagnostic criteria

for subclinical ADHD; a review study reported that most studies regarding subclinical ADHD

required a minimum number of symptoms of inattention and/or hyperactivity, but not the full

symptom criteria outlined in classification systems. Some studies required additional criteria,

such as age of onset or functional impairment, while others adopted a more stringent approach,

requiring full symptom criteria for ADHD without the presence of functional impairment. In

some cases, subclinical ADHD meant that all criteria were met according to diagnostic manuals,

but at least one criterion was labeled as “not certain” by clinicians. The commonality across

these definitions is that individuals exhibit symptoms associated with ADHD and experience

functional impairments to some degree (Balázs & Keresztény, 2014).

Consequences of Subclinical ADHD

Studies have shown that individuals who do not meet the cut-off criteria for a full ADHD

diagnosis still face significant challenges. For example, a study conducted on over 900

school-aged Korean children in 2014 found that those who did not meet the diagnostic criteria

for ADHD still suffered severe consequences, such as reduced attentional control, poorer

behavioral and emotional regulation, and lower academic performance, albeit to a lesser extent

than children who met the full DSM-4 criteria for ADHD (Hong et al., 2014). These individuals

also showed lower interpersonal skills and could be wrongly perceived as having behavioral

traits rather than a medical condition. This often leads to self-blame and a false self-concept.

Studies have shown children with subclinical ADHD perform lower in academic,

functional, and interpersonal aspects of their lives compared to their non-ADHD peers (Balázs &

Keresztény, 2014; Boot et al., 2017; Brown & Casey, 2016; Gritti et al., 2023). Such patterns

could be predictors of late-onset full ADHD syndrome, substance abuse disorders, internalizing

disorders, antisocial personality, and conduct disorders in later stages of life (Balázs &

Keresztény, 2014; Kóbor et al., 2012; Overbey et al., 2011).

https://www.zotero.org/google-docs/?0qHXNA
https://www.zotero.org/google-docs/?FIi2J2
https://www.zotero.org/google-docs/?ZjlERy
https://www.zotero.org/google-docs/?iVIQnq
https://www.zotero.org/google-docs/?iVIQnq
https://www.zotero.org/google-docs/?YHsQYk
https://www.zotero.org/google-docs/?YHsQYk
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Despite reports indicating that individuals with ADHD often experience a lower quality

of life (Agarwal et al., 2012), a study involving 127 Israeli adults with borderline intelligence

and diagnosed with ADHD presents a more optimistic view. This research highlights that access

to inclusive education, limited medical disabilities, lower scores on the Brown ADHD Symptom

Scale, higher monthly income, active participation in leisure activities, and having a personal

friend are all associated with higher quality of life scores (Rimmerman et al., 2007). These

findings suggest that early diagnosis, coupled with efforts to provide inclusivity and accessibility,

can significantly enhance the quality of life for individuals with ADHD. This study not only

sheds light on potential interventions but also underscores the importance of a supportive and

accommodating environment in improving life experiences for those with ADHD.

Differences Between ADHD and Subclinical ADHD

A study conducted in 2006 compared full syndrome ADHD with late-onset ADHD

(patients who did not meet the age of onset criteria in retrospective clinical inspections) and

individuals with subclinical ADHD. It found that subclinical ADHD patients exhibited milder

symptoms of ADHD and had a different pattern of familial transmission. Compared to controls,

individuals with subclinical ADHD scored one-third to half a standard deviation lower on the

Wide Range Achievement Test for arithmetic and verbal IQ. They also exhibited modest

psychiatric comorbidity (Faraone et al., 2006).

Comparative studies on subclinical ADHD reported that the condition is more prevalent

in families of lower socioeconomic status and is associated with different biological patterns of

transmission, suggesting that subclinical ADHD might result from environmental factors (Hong

et al., 2014). Emphasizing early intervention and special education can improve life satisfaction

and quality of life in the long run, decreasing the economic burden on the individual and society

(Agarwal et al., 2012; Brown & Casey, 2016; Hong et al., 2014).

https://www.zotero.org/google-docs/?Q4A72q
https://www.zotero.org/google-docs/?HUcwaQ
https://www.zotero.org/google-docs/?4xiC5M
https://www.zotero.org/google-docs/?Vnk6BN
https://www.zotero.org/google-docs/?Vnk6BN
https://www.zotero.org/google-docs/?B9Yru5
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Long-Term Considerations and Interventions

Longitudinal studies on children clinically diagnosed with ADHD who no longer meet

the criteria as adults report that they still struggle with subclinical ADHD. In six years, one-third

and in ten years, around one-fifth of them developed subclinical ADHD, indicating the

importance of reassessment and screening for subclinical ADHD (Balázs & Keresztény, 2014;

Biederman et al., 2010; Hong et al., 2014).

Effective interventions for subclinical ADHD often include behavioral interventions such

as behavior modification techniques, cognitive-behavioral therapy, and social skills training,

which focus on modifying specific problematic behaviors and developing coping strategies.

Educational support and accommodations are particularly crucial for children and adolescents,

involving individualized education plans or classroom adjustments to cater to specific learning

and attention challenges. Psychological counseling and psychotherapy play a significant role,

helping individuals understand their behaviors and develop strategies to cope with daily

challenges, including stress management and organizational skills training, alongside therapy for

any co-occurring issues like anxiety or depression. Family involvement is also key, with family

support and education becoming integral. Family therapy and parent training programs educate

family members about the condition and teach them effective support strategies.

Challenges in Diagnosis

The challenges in diagnosing subclinical ADHD include the lack of common diagnostic

criteria for the condition, with no consensus in the scientific community on a definitive definition

of "subclinical ADHD". Additionally, while diagnostic manuals typically rely on a categorical

classification for ADHD, many clinicians and researchers suggest a continuum model for

understanding ADHD and its subclinical diagnosis (Antshel et al., 2011; Boot et al., 2017; Hong

et al., 2014; Weissenberger et al., 2018). This model recognizes the varying intensities and forms

of ADHD symptoms across individuals. Establishing a clear definition for subthreshold ADHD

is complex, as it seems to be dimensionally distributed in the population. The exact number of

symptoms required for a diagnosis of subthreshold ADHD remains unclear, and the impact of

subthreshold ADHD does not necessarily depend on the symptom count.

https://www.zotero.org/google-docs/?a6Iy9a
https://www.zotero.org/google-docs/?a6Iy9a
https://www.zotero.org/google-docs/?VECyeL
https://www.zotero.org/google-docs/?VECyeL
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Definition of Subclinical ADHD in Our Study

Despite the various definitions of subclinical ADHD, in our study, we use the term

"subclinical ADHD" for individuals who meet the pattern of the prescreening ASRS

questionnaire. This approach allows us to identify individuals who exhibit significant symptoms

and functional impairments associated with ADHD, even if they do not meet the full diagnostic

criteria for the disorder.

Machine learning applications in psychology

What is machine learning?

A subfield of artificial intelligence known as "machine learning" uses a variety of

techniques to automatically identify patterns in data sets. Based on these newly discovered

patterns, the system may subsequently predict a target within new data sets. Machine Learning

(ML) utilizes complex statistical and probabilistic methods to develop systems that can

autonomously learn knowledge from data. This makes it possible to more quickly and precisely

spot patterns; highlight the most important variables in data and to draw more accurate

conclusions from data sources. ML has yielded substantial advantages across various domains

such as artificial intelligence, computer vision, speech recognition, and natural language

processing. It enables researchers and developers to extract crucial information from datasets,

deliver personalized experiences, and create intelligent systems (Jordan & Mitchell, 2015). The

overall process typically consists of two main phases: training and testing. During the training

phase, the algorithm is exposed to a portion of the dataset, learning from the examples by

adjusting its parameters to minimize errors in its predictions. This phase is crucial as it forms the

foundation of the algorithm's ability to make accurate predictions. After the training phase, the

performance of the algorithm is evaluated using the testing phase. This involves a subset of the

data that was not used during training, often referred to as the "test set." This separation is

essential to objectively assess the algorithm's performance, ensuring that it can generalize its

learning to new data, rather than just memorizing the training set.

https://www.zotero.org/google-docs/?53LA1k
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Supervised machine learning

Supervised machine learning is a method of training algorithms, where the process

involves feeding the algorithm a large dataset that is already labeled. This means that for each

piece of data (or instance) in the training set, the desired output is known. These labels help the

algorithm understand patterns and relationships within the data, enabling it to make predictions

or decisions when presented with new, unseen data.

The efficiency and accuracy of a supervised machine learning algorithm depend heavily on the

quality and quantity of the labeled data provided. More comprehensive and diverse datasets

typically lead to more robust and reliable models.

Applications of supervised ML algorithms in mental health and psychology are useful in

several domains, such as detection and diagnosis of mental health issues, prognosis and

treatment, public health and research. ML algorithms have been already used in detection of

depression and anxiety (Nemesure et al., 2021; Nickson et al., 2023), alzheimer’s (Diogo et al.,

2022) and suicide prevention(Jung et al., 2019) and ADHD diagnosis (Cao et al., 2023; Chen et

al., 2021; Rosenbusch et al., 2021)

Traditional statistical analysis vs. Machine learning

In the context of psychology, the distinction between traditional statistical methods and

machine learning lies primarily in their objectives and approaches to data. Traditional statistics

are geared towards understanding and modeling the underlying processes of psychological

phenomena, often focusing on hypothesis testing and inference. This involves creating specific

models that are interpretative and explanatory, helping in understanding the 'why' behind

observed data. These methods are particularly useful when the goal is to test theories or establish

causality, and they work well with structured and controlled experimental data.

https://www.zotero.org/google-docs/?kUwmje
https://www.zotero.org/google-docs/?LtPcW8
https://www.zotero.org/google-docs/?LtPcW8
https://www.zotero.org/google-docs/?pKJcoN
https://www.zotero.org/google-docs/?c4RQwc
https://www.zotero.org/google-docs/?c4RQwc
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Machine learning, on the other hand, excels in predictive accuracy and handling complex,

high-dimensional datasets where the relationships among variables might be nonlinear or too

intricate for traditional models. It is less concerned with the underlying theory and more with

identifying patterns that can predict outcomes. Machine learning is particularly beneficial in

scenarios where the primary goal is prediction, such as forecasting behavior or identifying at-risk

individuals, and in cases where the data are too vast or complex for traditional statistical methods

to handle effectively. However, machine learning models can sometimes be not that clear,

offering less in the way of interpretability. In psychology, where both understanding and

prediction are valuable, combining traditional statistical methods with machine learning can

often yield the most comprehensive insights (Bzdok et al., 2018; Orrù et al., 2020).

The integration of machine learning in diverse fields offers a promising path for

identifying key factors, particularly in developing our understanding of ADHD and its

subclinical implications. This exploratory study is focused on understanding the primary

predictors of subclinical ADHD with applications of machine learning; therefore, we have

compiled a series of psychometric questionnaires, which, in prior research, have been associated

with comorbid conditions in ADHD. in particular, ADHD symptoms are linked with

internalizing disorders such as anxiety and depression. Existing literature suggests a frequent

co-occurrence of ADHD with these disorders, thereby complicating their management and

treatment (Antony et al., 2022; Sevincok et al., 2020).

Furthermore, individuals with ADHD exhibit a significantly elevated risk of developing

substance use disorders (SUD) compared to their non-ADHD peers. This increased risk is partly

due to impulsivity, a common symptom of ADHD, which may lead to heightened levels of drug

usage. There is also an indication of a biologically increased susceptibility to substance

dependence in ADHD individuals. Research has found that adolescents with ADHD are more

likely to develop SUDs in their teenage years, and adults with a history of childhood ADHD

show a higher propensity for drug and alcohol dependence, though the intricacies of this

relationship warrant further examination (Harstad et al., 2014; Ivanov et al., 2022; Levy et al.,

2014; Magon & Müller, 2012). Additionally, there is an observed correlation between

ADHD-related symptoms and a heightened tendency towards problematic internet use (PIU).

This relationship suggests that the defining characteristics of ADHD, including challenges in

https://www.zotero.org/google-docs/?L6NLpb
https://www.zotero.org/google-docs/?blKpsD
https://www.zotero.org/google-docs/?SSGT5o
https://www.zotero.org/google-docs/?SSGT5o
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attention regulation and impulsivity, may predispose individuals to problematic behaviors in

internet usage (Augner et al., 2023; Overbey et al., 2011).

Methodology

Process of data collection

The recruitment criteria required all participants to be aged 18 or above. Participants

received a brief overview of the study's purpose and provided their informed consent before

participating. The data collection adhered to standard ethical considerations for research,

ensuring anonymity throughout the process.

Training Phase:

As part of a larger protocol, Data was collected from 1,000 Hungarian participants (500

males, 500 females; mean age = 41.75 years, SD = 11.7, min 18 and max 65).

Evaluation Phase:

The evaluation phase of the process was conducted in three different ways:

1. First Phase: Evaluation was conducted on 30% of the large dataset collected during the

training phase.

2. Second Phase: Data was collected from a smaller Hungarian population with the aim to

test the models in a young sample. This sample included 62 participants (52 females, 10 males;

mean age = 22.87 years, SD = 3.62, min 18 and max 30).

3. Third Phase: To evaluate the model across cultures, data was collected from an Iranian

population. This sample consisted of 70 participants (47 females, 23 males; mean age = 30.69

years, SD = 9.96, min 19 and max 68).

https://www.zotero.org/google-docs/?W1DA0J
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Once consent was obtained, participants proceeded to answer an extensive series of

demographic questions collecting basic personal and socio-economic information from

participants, including gender, age, living situation, family background, marital status, education,

employment details, and health conditions, types of electronic devices used, purpose of internet

usage (for shopping, social media, gaming, pornographic content, etc) , time of online activities

(including how many hours per day, time frames of the day being online), etc.

This initial section was followed by a selection of relevant psychometric questionnaires designed

to assess various aspects of mental health and behavior. These included the Problematic Internet

Use Questionnaire (PIUQ), the Depression Anxiety Stress Scale (DASS-21), the CAGE

Questionnaire for Substance Use, and the Adult ADHD Self-Report Scale (ASRS). For detailed

information about the internal consistency of each questionnaire, see Table 1.

Table 1. Reliabilities of the psychometric questionnaires

Subscales of

questionnaires

Hungarian Train (ω ) Hungarian Test (ω ) Iranian Test (ω )

ASRS A 0.87 0.74 0.79

ASRS B 0.92 0.85 0.85

CAGE alcohol 0.81 0.64 0.54

CAGE sedatives 0.82 0.84 0.68

CAGE stimulants 0.81 0.54 0.83

CAGE smoking 0.80 0.90 0.87

DASS anxiety 0.90 0.80 0.80

DASS depression 0.93 0.88 0.90

DASS stress 0.89 0.83 0.81
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PIQU control 0.86 0.81 0.80

PIQU obsession 0.92 0.83 0.70

PIQU neglect 0.86 0.81 0.80

Questionnaires

ASRS

Adult ADHD Self Report Scale, ASRS, is a tool developed for identifying adult

attention-deficit/hyperactivity disorder (ADHD) in the general population.

The ASRS includes 18 questions, designed to assess how frequently an adult experiences

symptoms that align with the DSM-IV criteria for ADHD. These questions are rated on a scale

from 1 to 5, where 1 indicates "Never" and 5 indicates "Very Often". Among these 18 questions,

six were identified as the most indicative of ADHD symptoms. These six questions form the core

of the ASRS v1.1 Screener and constitute Part A of the Symptom Checklist. The remaining

twelve questions are included in Part B of the Symptom Checklist.

A shorter version of the scale consists of only six questions. These six were chosen because they

best align with clinical diagnoses of ADHD. The study found that the shorter, six-question

version of the ASRS was more effective than the full 18-question version in several ways. It was

better in terms of sensitivity (identifying those with the condition), specificity (excluding those

without the condition), overall accuracy in classification, and in the kappa statistic, a measure of

agreement between the ASRS and clinical diagnoses (Kessler et al., 2005, 2007).

DASS-21

The DASS-21, or the Depression Anxiety Stress Scales, is a shortened psychological

assessment tool specifically designed to measure the levels of depression, anxiety, and stress in

individuals. It's a shortened version of the original DASS, containing 21 questions instead of 42,

divided equally, 7 questions for each subscale, to address three key emotional states.

https://www.zotero.org/google-docs/?3BJAPe
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In this scale, participants respond to questions that help assess their emotional state over the past

week. Each item is rated on a scale from 0 to 3, where 0 means the statement did not apply at all,

and 3 indicates it applied very much or most of the time. DASS-21 is valued for its conciseness,

reliability, and ease of use. It's not just limited to clinical settings for patient evaluation but is

also widely employed in research to understand how groups of people may be experiencing these

common emotional states (Norton, 2007).

The “Depression” subscale of the questionnaire looks at mood states like hopelessness, a reduced

sense of personal worth, and a lack of interest in activities that normally bring joy, the “Anxiety”

subscale measures physical symptoms associated with anxiety, such as trembling and sweating,

as well as psychological symptoms like feelings of nervousness and apprehension and the

“Stress” subscale, on the other hand, evaluates more prolonged feelings of tension and strain,

assessing how easily a person gets agitated or how difficult it is for them to relax.

CAGE

The CAGE questionnaire is a brief and widely used screening tool for detecting alcohol

abuse and dependence. Each of the questions requires a simple 'yes' or 'no' answer, and the total

score ranges from 0 to 4. The questionnaire is concise, taking about 30 seconds to administer,

and is designed to be non-intimidating (Ewing, 1984).

It has been validated as a tool for detecting alcohol abuse and dependence in various patient

populations, including medical and surgical inpatients, ambulatory medical patients, and

psychiatric inpatients. However, its performance has varied in primary care patients, and it has

not been effective in specific groups like white women, prenatal women, and college students. It

is also not recommended as a screening test for less severe forms of drinking (Dhalla & Kopec,

2007).

Since then CAGE questionnaire has been adapted for detecting nicotine dependence (Rustin,

2000) and substance use for elderly population (Hinkin et al., 2001) inspired by this approach,

we adapted the CAGE questionnaire for Stimulants and Sedatives as well.

https://www.zotero.org/google-docs/?GWjtRo
https://www.zotero.org/google-docs/?LyPsgJ
https://www.zotero.org/google-docs/?gYimvl
https://www.zotero.org/google-docs/?gYimvl
https://www.zotero.org/google-docs/?PTeK6W
https://www.zotero.org/google-docs/?PTeK6W
https://www.zotero.org/google-docs/?mGzaK0
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PIUQ

The Problematic Internet Use Questionnaire (PIUQ) is a self-report survey designed to

measure problematic or potentially addictive internet use. This 18-item questionnaire assesses

aspects of internet usage that may be harmful or indicative of addiction. Each item on the PIUQ

is rated on a 5-point scale, ranging from “never” (1) to “always” (5), allowing respondents to

self-rate the extent of their internet-related issues. The PIUQ divides these items into three

6-item subscales, each targeting a specific dimension of problematic internet use:

“Obsession” Subscale measures psychological fixation with the internet, including worries,

anxiety, and depression related to not being able to access the internet, while “Neglect” Subscale

focuses on the neglect of typical daily activities in favor of internet use, such as neglecting work,

sleep, or spending time with friends or family and “Control” Disorder Subscale assesses the

inability to control or decrease the amount of time spent online, including awareness of excessive

internet use being problematic, but an inability to reduce it (Demetrovics et al., 2008).

Algorithms used in machine learning

Support Vector Machines (SVM), Decision Trees (DT), and Random Forests (RF) are

three commonly used algorithms in machine learning, each with its unique characteristics and

applications (Alpaydin, 2020).

Support Vector Machines (SVM):

Support Vector Machines, or SVMs, are powerful algorithms used for classification and

regression tasks. SVM works by finding the optimal hyperplane that separates different classes in

the data space. It aims to maximize the margin between the classes, which helps in achieving

better generalization to unseen data. In simpler terms, imagine your data points as dots on a

graph, and SVM draws a line (or a hyperplane in higher dimensions) to separate these dots into

different groups. It does this in a way that maximizes the space between the groups, making it

easier to classify new points correctly.

https://www.zotero.org/google-docs/?YlvMKs
https://www.zotero.org/google-docs/?Jr8VPa
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Decision Trees (DT):

Decision Trees are intuitive and easy-to-understand algorithms used for classification and

regression tasks. They work by recursively partitioning the data into smaller subsets based on the

features that best split the data into distinct classes or categories. In other words, think of a

decision tree as a flowchart where each internal node represents a "decision" based on a feature,

each branch represents the outcome of that decision, and each leaf node represents the final

decision or classification.

Random Forests (RF):

Random Forests are an ensemble learning method that combines multiple decision trees

to improve predictive performance and reduce overfitting. Each decision tree in the forest is

trained on a random subset of the training data and a random subset of features. When making

predictions, each tree in the forest individually predicts the target variable, and the final

prediction is determined by averaging or voting across all trees.

Evaluating the performance of a model

Evaluating the performance of a machine learning model is crucial for understanding its

effectiveness and reliability. Different metrics provide insights into various aspects of the model's

performance. Here are some commonly used metrics and how they are interpreted:

Accuracy

Accuracy is the ratio of correctly predicted instances to the total instances in the dataset.

It is a straightforward and widely used metric but can be misleading if the dataset is imbalanced

(i.e., when one class is much more frequent than others).

ROC Curve and AUC
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ROC (Receiver Operating Characteristic) Curve is a graphical representation of a

classifier's performance across different threshold settings. It plots the True Positive Rate

(Sensitivity) against the False Positive Rate (1 - Specificity).

- True Positive Rate (Sensitivity, Recall): The proportion of actual positives correctly

identified by the model.

- False Positive Rate: The proportion of actual negatives that are incorrectly identified as

positives by the model.

AUC (Area Under the ROC Curve) measures the entire two-dimensional area underneath

the ROC curve. AUC ranges from 0 to 1, with higher values indicating better performance. An

AUC of 0.5 suggests no discrimination (i.e., random guessing), while an AUC of 1.0 indicates

perfect discrimination.

Sensitivity (Recall)

Sensitivity (Recall) measures the proportion of actual positives that are correctly

identified by the model. It is crucial in situations where identifying positive instances is more

important than identifying negative ones (e.g., in medical diagnoses).

Specificity

Specificity measures the proportion of actual negatives that are correctly identified by the model.

It is important when the cost of false positives is high.

To sum up, each of the metrics presented above provides different insights into the

models' performance, and the choice of which metrics to use depends on the specific context and

goals of the machine learning application (Hand, 2012).

https://www.zotero.org/google-docs/?EQYWni
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Data analysis

All programming was implemented using Python programming language and libraries

such as pandas, scikit-learn (Pedregosa et al., 2011) and numpy were utilized for data

manipulation, machine learning processes, and numerical computations. The focus was on

implementing a methodology that involved data preprocessing, feature selection, model training,

and evaluation to accurately classify subjects who met subclinical ADHD criteria. While

splitting the data into a train set with 70% and a test (first phase of evaluation) with 30% of the

data, we employed stratification, to maintain the proportion of the classes in both training and

test sets, due to the imbalance in the subclinical ADHD and non-ADHD classes within the data.

Stratification ensures that both sets are representative of the overall sample, thereby enhancing

the reliability of our model evaluations.

A multi-step feature selection was employed, consisting of an initial prescreening of the

features applying chi-square tests for categorical variables and point biserial correlation tests for

continuous variables to identify significant features based on a p-value threshold of 0.05 ensuring

that only features with a statistically significant relationship with the target variable were used

for further analysis. Following the prescreening; feature selection via recursive feature

elimination with five-fold cross-validation (5-CV) was performed on the training set. Three

classification algorithms were used: support vector machine, random forest, and decision tree

classifier. Before the training, the data were standardized using Z-transformation (except for the

training of random forest and decision tree classifiers). Hyperparameters for each classifier were

optimized through grid search with 5-CV. Both the internal validation and the evaluation of the

classification performance on the test set were done using the area under the receiver operating

characteristic curve (area under the curve [AUC]). We also calculated accuracy, sensitivity and

specificity to evaluate the performance.

We introduced the new dataset to the trained model once for the smaller Hungarian

population and again on the Persian population, assessing the model's performance on these new

datasets. In the second phase of evaluation, the trained model was introduced to a smaller

Hungarian population to assess performance on a dataset with a lower mean age.In the third

phase, the model's cross-cultural applicability was evaluated using data from an Iranian

population.

https://www.zotero.org/google-docs/?BXzsr8
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Results

Feature selection

The 'Depression (DASS)' feature from the DASS-21 questionnaire had the highest mean

importance of 0.208 and was selected 100 times. Similarly, 'Anxiety (DASS)' had a mean

importance of 0.1459 and was also chosen 100 times. 'Stress (DASS)' followed with a mean

importance of 0.1523 and was selected 97 times.

From the PIUQ, 'Neglect' had a mean importance of 0.144 and was selected 100 times, 'Control'

had a mean importance of 0.091 with 94 selections, and 'Obsession' had a mean importance of

0.068 with 89 selections.

The demographic feature 'Age' showed a mean importance of 0.034 and was selected 84 times.

'Years with a digital device' had a mean importance of 0.032 and was chosen 71 times. 'Alcohol

(CAGE)' had a mean importance of 0.029 and was selected 77 times. Lastly, 'Depression (self

report)' had a mean importance of 0.026 and was selected 78 times (figure 1).

The tables 2, 3 and 4 include the top selected features and their statistical summaries for two

groups: individuals with subclinical ADHD and those without (non-subclinical ADHD).

Table 2. Training data (Subclinical ADHD (n = 103), Non-subclinical ADHD (n = 897))

Top selected features Subclinical ADHD Non subclinical ADHD

Numerical features (mean
(SD))

DASS Depression 10.583 (5.815) 4.434 (4.737)

DASS Anxiety 7.883 (5.275) 3.070 (3.837)

DASS Stress 10.350 (5.156) 4.929 (4.235)

PIUQ Obsession 14.612 (6.961) 9.562 (4.529)
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PIUQ Neglect 16.204 (5.593) 10.775 (4.228)

PIUQ Control 15.961 (5.625) 11.164 (4.313)

Age 37.612 (11.524) 42.225 (11.605)

Age of first usage
of electronic device

17.680 (9.543) 20.928 (10.499)

Categorical features (Mode
(frequency of the mode in
%)

Region Village (24%) Town (36%)

Housing House (37%) House (59%)

Uses internet for surfing Yes (65%) Yes (66%)

Table 3. Iranian testing data (Subclinical ADHD (n = 26), Non-subclinical ADHD (n = 44))

Top selected features Subclinical ADHD Non subclinical ADHD

Numerical features (mean
(SD))
DASS Depression 9.962 (5.318) 4.545 (3.592)

DASS Anxiety 6.462 (3.603) 4.045 (3.263)

DASS Stress 10.692 (3.824) 6.386 (3.452)
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PIUQ Obsession 12.962 (3.013) 12.159 (3.679)

PIUQ Neglect 15.923 (3.599) 13.364 (3.141)

PIUQ Control 18.077 (3.989) 15.136 (4.311)

Age 27.115 (4.999) 32.795 (11.504)

Age of first usage of electronic
device

12.346 (3.633) 14.841 (5.507)

Categorical features (Mode
(frequency of the mode in %)

Region City (56%) City (47%)

Housing Rent (38%) Apartment (49%)

Uses internet for surfing No (65%) No (57%)

Table 4. Hungarian testing data (Subclinical ADHD (n = 25), Non-subclinical ADHD (n = 37))

Top selected features Subclinical ADHD Non subclinical ADHD

Numerical features (mean
(SD))

DASS Depression 8.520 (6.063) 4.432 (3.387)

DASS Anxiety 8.400 (4.673) 4.270 (3.330)
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DASS Stress 11.920 (4.092) 6.649 (4.131)

PIUQ Obsession 10.400 (3.266) 9.405 (3.855)

PIUQ Neglect 13.040 (2.622) 11.387(2.670)

PIUQ Control 15.560 (4.104) 12.270 (3.687)

Age 22.000 (3.175) 23.459 (3.820)

Age of first usage of electronic
device

11.040 (2.263) 10.243 (2.938)

Categorical features (Mode
(frequency of the mode in %))

Region Capital (28%) City (57%)

Housing Apartment (67%) House (52%)

Uses internet for surfing Yes (31%) No (40%)
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Figure 1: Importance values of the most frequently selected features for regression.

(ED=Electronic Device, SR=Self Report).

The aim of the machine learning analyses was to train classification models that

successfully differentiate between subclinical ADHD participants and non ADHD ones.

The analysis of the Decision Tree (DT), Random Forest (RF), and Support Vector Machine

(SVM) classifiers on data from all the phases of data collection, with a focus on the ROC-AUC

scores, reveals distinct levels of performance across these models.

Table 5 summarizes the model performances on the data (n = 1000) collected during the

training phase. The DT classifier achieved an AUC score of approximately 0.761. This suggests

a moderate ability to differentiate between subclinical ADHD and non-ADHD classifications,

indicating a fair level of effectiveness but potentially less suitable for more complex

classification tasks.In contrast, the RF classifier shows a stronger performance and an AUC of

around 0.818.

Outperforming both DT and RF, the SVM classifier achieved the highest AUC score of

approximately 0.831 and accuracy of 0.736. This superior performance highlights the SVM
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model's robustness in handling the complexities of this data. Its higher discriminative power

makes it particularly effective in medical or psychological diagnostics, where accurately

distinguishing between different conditions is critical.

Table 5. Performance of each algorithm on the training phase (n = 1000)

Table 6 and 7 summarize the model performances on the younger Hungarian sample (i.e.

second phase) and the Iranian sample (i.e. third phase), respectively. In the second and third

phases of evaluation, our model again performed very well in classifying ADHD and non-ADHD

individuals, indicating the robustness of the trained model. This performance was consistent both

on new Hungarian data with AUC of 0.811 (Table 6) and accuracy of 0.741 and across different

cultures with AUC of 0.821 and accuracy of 0.742 (Table 7).

Table 6. performance of each algorithm on the second phase (younger Hungarian sample,

n = 62)

Table 7. Performance of each algorithm on the third phase (Iranian sample, n = 70)
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Discussion

The primary aims of our research were to explore the predictors of subclinical ADHD

and test the model on different sets of data. Our machine learning analysis and its findings align

with the existing body of research on the importance of internalizing disorders, such as anxiety

and depression, as well as ineffective coping mechanisms and self-medication in individuals with

subclinical ADHD. This concurrence with established literature reinforces the validity of our

approach and the relevance of these psychological factors in understanding subclinical ADHD. It

underscores the necessity of addressing these issues in both clinical practice and future research

to mitigate their impact on individuals with subclinical ADHD.

In addition to confirming known factors, our model has successfully identified other

factors not previously explored in scientific literature. These novel factors suggest potential

avenues for future investigation and offer new insights into the multifaceted nature of subclinical

ADHD. The newly identified factors include:

Age of First Exposure to Electronic Devices: Early exposure to electronic devices may

have a significant impact on the development of subclinical ADHD, warranting further research

into its long-term effects. This finding aligns with growing concerns about the influence of

digital technology on mental health (Sohn et al., 2019), emphasizing the need for guidelines

regarding the appropriate age and duration of exposure.

Internet Usage Hours: The amount of time spent on the internet appears to correlate with

subclinical ADHD symptoms, suggesting that excessive internet use may contribute to the

disorder. Problematic internet use, characterized by behaviors like those identified through the

PIUQ, might be coping mechanisms or signs of underlying executive dysfunction. This

phenomenon is partly attributed to the challenges faced by those with subclinical ADHD in

self-regulation, which predisposes them to addictive behaviors, including excessive internet use.

Online environments providing immediate feedback, rewards, and easier avenues for social

interaction can compensate for real-life challenges, explaining why individuals with subclinical

https://www.zotero.org/google-docs/?MIjTEs
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ADHD are more prone to problematic internet usage compared to their healthy counterparts

(Wang et al., 2017).

Housing Situation: The living conditions and the stability of one's housing situation can

significantly impact the manifestation of subclinical ADHD symptoms. For instance, individuals

in unstable or stressful housing environments may experience heightened anxiety and distraction,

exacerbating ADHD-like symptoms. This underscores the importance of considering

socio-environmental factors when assessing subclinical ADHD, as a stable and supportive living

situation could potentially mitigate some of these symptoms.

Occupation: Employment status and the nature of one's job may influence subclinical

ADHD symptoms. For example, high-stress occupations or jobs with low satisfaction could

exacerbate symptoms like inattention and restlessness. This is particularly relevant when

considering the difference between blue-collar and white-collar jobs. Blue-collar jobs, often

involving manual labor and physical tasks, might have different stressors compared to

white-collar jobs, which typically involve more cognitive and administrative work.

While a direct cause-effect relationship cannot be determined with our current research

design, it's worth exploring whether subclinical ADHD influences various life choices and

circumstances or if these circumstances exacerbate subclinical ADHD symptoms. For example,

it is important to investigate if subclinical ADHD makes someone more likely to choose certain

types of jobs or if the nature of these jobs worsens subclinical ADHD symptoms. Similarly, we

should consider whether unstable housing conditions lead to more pronounced ADHD-like

symptoms or if individuals with subclinical ADHD are more prone to finding themselves in

unstable living situations. This complex interplay between individual characteristics and

environmental factors highlights the need for a comprehensive approach to understanding and

addressing subclinical ADHD.

Our model, initially trained on a Hungarian sample, demonstrated efficacy when applied

to an Iranian sample. This cross-cultural validation underscores the robustness and

generalizability of our model across diverse populations. The ability of the model to perform

https://www.zotero.org/google-docs/?sD3EtK
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well in different cultural contexts suggests that the identified factors are not limited to a specific

demographic but rather are universally relevant. This cross-cultural success emphasizes its

potential as a valuable tool for international research and clinical practice.

Furthermore, this study highlights the importance of establishing a unified definition for

subclinical ADHD to facilitate research in both academic and clinical sectors. Our analysis

reveals that individuals with subclinical ADHD face substantial challenges, evidenced by

indicators such as depression, anxiety, and stress identified through our machine learning

approach. These markers are significant on their own and mirror the wider symptomatology of

ADHD, where co-occurring internal disorders amplify cognitive and emotional regulation

difficulties (Balázs & Keresztény, 2014; Kóbor et al., 2012; Overbey et al., 2011). A large body

of research has found the comorbidities of ADHD with depression and anxiety, complicating the

diagnosis and treatment of ADHD as symptoms can overlap or mask each other. This overlap

makes the management of these comorbidities crucial for the effective treatment of subclinical

ADHD, as addressing them can significantly improve the quality of life for affected individuals

(Agarwal et al., 2012; Antony et al., 2022; Coutinho et al., 2021; Nemesure et al., 2021;

Sevincok et al., 2020).

The study emphasizes that recognizing and treating these co-occurring conditions is

critical for managing ADHD effectively. Additionally, behaviors like problematic internet use

might be coping mechanisms or signs of underlying executive dysfunction, highlighting the need

for early intervention. The growing influence of digital devices, while increasing attentional

issues, also opens new possibilities for assisting individuals with subclinical ADHD.

Moreover, individuals with ADHD are often characterized by impulsivity and

hyperactivity, increasing the likelihood of engaging in risky behaviors, including substance

abuse. The relationship between ADHD and substance use involves not only impulsivity but also

significant coping strategies. Many individuals with ADHD struggle with symptoms like

inattention, restlessness, and impulsivity, leading some to self-medicate with substances

(Ohlmeier et al., 2008). Our study sheds light on alcohol and substance use patterns, similar to

those observed in clinical ADHD as per the CAGE questionnaire responses. These patterns may

https://www.zotero.org/google-docs/?EaVRPx
https://www.zotero.org/google-docs/?k9xbtM
https://www.zotero.org/google-docs/?k9xbtM
https://www.zotero.org/google-docs/?YnUuyY
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indicate ineffective coping strategies or self-medication for conditions like depression or anxiety.

Such insights call for developing improved strategies to help individuals with subclinical ADHD

establish healthier coping mechanisms, significantly enhancing their quality of life.

Early intervention is particularly crucial in educational settings, where it can significantly

change outcomes for students with subclinical ADHD. Implementing policies for early detection

and targeted support in schools could enhance academic and social success, potentially reducing

the disorder's long-term effects. The process of receiving a formal ADHD diagnosis can be a

critical step for affected individuals. This diagnosis often brings a significant psychological shift,

reducing feelings of self-blame and contributing to a sense of relief. Understanding their

condition through a medical lens allows individuals with ADHD to reframe their experiences and

challenges, empowering them and serving as a catalyst for lifestyle adaptations and identity

development (Ginapp et al., 2022).

Future research is recommended to focus on longitudinal studies to monitor the

progression of subclinical ADHD and on developing specific diagnostic criteria. Understanding

the natural progression of subclinical ADHD requires research with larger and more culturally

diverse sample sizes. Equally important is examining the disorder's impact on personal and

social functioning. Enhancing social skills and emotional intelligence is key to improving

interpersonal relationships and social integration for those affected by subclinical ADHD,

fostering a more inclusive and supportive environment for these individuals.

Limitations

Our model was trained solely using questionnaire data. Future research could enhance the

robustness of our findings by incorporating additional types of data, such as biological data

including EEG (Adamou et al., 2020), ECG (Khan Mamun & Elfouly, 2023), and others.

Integrating diverse data sources would provide a more comprehensive understanding of

SCADHD and improve the accuracy and applicability of the model across different contexts and

populations.

https://www.zotero.org/google-docs/?oEIsch
https://www.zotero.org/google-docs/?UBdbhf
https://www.zotero.org/google-docs/?SeZZFO
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Conclusions

Our machine learning models, particularly the Support Vector Machine (SVM),

demonstrated robust performance in classifying subclinical ADHD across various samples,

including younger Hungarian and Iranian populations. The SVM's superior AUC scores and

accuracy rates underscore its potential for application in clinical settings, offering a reliable tool

for early identification and intervention.

The study's findings align with existing literature on the impact of internalizing disorders

and ineffective coping mechanisms in individuals with subclinical ADHD. Additionally, novel

factors such as early exposure to electronic devices, internet usage hours, housing situation, and

occupation were identified, providing new avenues for research and intervention. These insights

highlight the multifaceted nature of subclinical ADHD and the importance of considering both

psychological and socio-environmental factors in its assessment and treatment.

Cross-cultural validation of our model indicates its generalizability, suggesting that the

identified factors are universally relevant. This underscores the potential for our model to be

used in diverse populations, enhancing its applicability in international research and clinical

practice.

Furthermore, the study emphasizes the importance of addressing co-occurring conditions

like depression, anxiety, and problematic internet use in managing subclinical ADHD. Early

intervention, especially in educational settings, is crucial for improving outcomes for individuals

with subclinical ADHD. The study also highlights the potential benefits of a formal ADHD

diagnosis in providing psychological relief and promoting positive lifestyle adaptations.
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