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A B S T R A C T   

The fields of developmental psychopathology, developmental neuroscience, and behavioral genetics are 
increasingly moving toward a data sharing model to improve reproducibility, robustness, and generalizability of 
findings. This approach is particularly critical for understanding attention-deficit/hyperactivity disorder 
(ADHD), which has unique public health importance given its early onset, high prevalence, individual variability, 
and causal association with co-occurring and later developing problems. A further priority concerns multi- 
disciplinary/multi-method datasets that can span different units of analysis. Here, we describe a public data
set using a case-control design for ADHD that includes: multi-method, multi-measure, multi-informant, multi- 
trait data, and multi-clinician evaluation and phenotyping. It spans > 12 years of annual follow-up with a lag 
longitudinal design allowing age-based analyses spanning age 7–19 + years with a full age range from 7 to 21. 
Measures span genetic and epigenetic (DNA methylation) array data; EEG, functional and structural MRI neu
roimaging;; and psychophysiological, psychosocial, clinical and functional outcomes data. The resource also 
benefits from an autism spectrum disorder add-on cohort and a cross sectional case-control ADHD cohort from a 
different geographical region for replication and generalizability. Datasets allowing for integration from genes to 
nervous system to behavior represent the “next generation” of researchable cohorts for ADHD and developmental 
psychopathology.   

1. Introduction 

The fields of developmental psychopathology, developmental 
neuroscience, and behavioral genetics are increasingly moving toward a 
data sharing model. This direction is essential for establishing repro
ducibility, robustness, and generalizability of findings. Multi- 

disciplinary and multi-method data resources are particularly needed 
to uncover mechanisms related to mental disorders. Neuroimaging 
studies (e.g., brain-wide association studies) that relate complex 
behavior with imaging findings are accelerating the urgency to share 
imaging, behavioral, and clinical data in the context of psychopathol
ogies. Similar to existing genetic datasets (e.g., Psychiatric Genomics 
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Consortium (Cross-Disorder Group of the Psychiatric Genomics Con
sortium, 2019), several large imaging data sets that are suitable for 
different kinds of studies are publicly available (e.g., the ABCD study 
(Casey et al., 2018; Garavan et al., 2018; Jernigan et al., 2018; Volkow 
et al., 2018), ENIGMA (Hoogman et al., 2019). 

These public data sets have the advantage of large numbers (> 1000 
participants), with several studies including epidemiological features. 
However, when such data sets represent consortia or multiple sites, they 
may face the challenge of examiner and data collection reliability 
varying across different settings, subtle but real effects that decrease 
effect sizes and sensitivity, and differences introduced by varying 
equipment and system timing for cognitive tasks. In addition, few data 
sets are multilevel (including clinical phenotypes, neurobiology, ge
netics, and epigenetics) and at the same time longitudinal. Even within 
multilevel data sets, clinical phenotyping may be limited, and the 
number of actual clinical cases in epidemiological samples is often low 
because they are mirroring population rates, with the purpose to track 
population effects rather than to isolate a clinical population. For 
example, the ABCD study (Casey et al., 2018; Garavan et al., 2018; 
Jernigan et al., 2018; Volkow et al., 2018) of nearly 12,000 children is 
estimated to have < 500 cases of ADHD (Cordova et al., 2022). 
Case-control data sets recruited from the community are enriched for 
clinical cases compared to the population rates, providing valuable and 
necessary complementary information for the national research effort 
on psychopathology and development. 

An ADHD-rich cohort and data resource that is publicly-available, 
high-quality, and representing multi-unit longitudinal evaluation of a 
large sample should be of considerable value in making new discoveries 
about the contributors to ADHD course of illness, mechamisms and 
predictors. This paper explains and describes a new resource for this 
purpose and provides background and documentation to make the 
resource as useful as possible. ADHD is of unique public health impor
tance, given its early onset during preschool and early school years 
(Kessler et al., 2014), the high prevalence in children worldwide (3–4%; 
Erskine et al., 2013), its consideration as preceding and likely causaly 
contributing to subsequent serious psychopathology (Groenman et al., 
2017; Kessler et al., 2014, 2006; Lee et al., 2011, Riglin et al 2020; Treur 
et al., 2019), disappointing long-term outcomes despite sophisticated 
treatments (Erskine et al., 2013; Hinshaw et al., 2015; Swanson et al., 
2017), and high morbidity including reduced life span. Notably, ADHD 
confers a 50–300% increased risk for substance use disorders, depres
sion, psychosis, and anxiety disorders (Groenman et al., 2017; Kessler 
et al., 2006; Lee et al., 2011) and magnifies the chances of poor out
comes in school, work, and health (Forte et al., 2020). Indeed, ADHD is 
associated with a 50% higher chance of early death, multiplied to a 
1000% increased risk if comorbid disorders develop (Dalsgaard et al., 
2015). Although treatment can reduce these risks, it does not do so 
adequately. ADHD centers a critical early risk phenotype for under
standing a wide range of psychopathology that emerges in the course of 
development. 

Due to ADHD complexity, heterogeneity, and controversial devel
opmental variations, multi-unit longitudinal data are necessary to 
establish a developmental understanding of psychopathology and to 
identify opportunities for resilience and recovery that are critical to a 
contemporary multi-level/multi-unit explanatory understanding (Nigg, 
2023, in press). Large multi-unit samples are needed in part due to 
substantial within-group heterogeneity a problem common with many 
clinical diagnostic categories (Karalunas and Nigg, 2020; Nigg et al., 
2020a). Furthermore, longitudinal datasets are particularly important 
because of shifting understanding of the developmental course of ADHD 
and its variability (Sudre et al., 2021; Thapar and Riglin, 2020). For 
example, robust longitudinal datasets help address current discussion 
about ADHD onset in later adolescence or adulthood (Asherson and 
Agnew-Blais, 2019). The lag longitudinal design has the advantage of 
substantially extending the age range that can be studied within a given 
period of time, facilitaging clinically relevant prediction models 

(Karalunas et al, 2022). Thus, while the current study spanned 
2009–2021 (about 12 years), the age period included ranges from 7 to 
21 (16 years). 

Prior naturalistic outcome knowledge of ADHD has relied heavily on 
a set of foundational longitudinal studies of clinical and descriptive 
outcomes. However, those groundbreaking datasets were limited by 
sometimes large duration between assessments and frequent absence of 
baseline neurobiological data. Recognizing that mental illness will not 
be solved by a single strategy, finding, or biomarker, multi-unit analysis 
has become necessary over time to harness the power of cumulative 
processes in development (Nigg, in press). Put another way, integrating 
multiple units of analysis in densely observed longitudinal data sets 
should enable important new insights on the pathophysiology of 
developmental psychopathology that promote breakthrough prevention 
and treatment approaches. Yet, the field is in the early stages of estab
lishing standard methods for combined analysis (e.g. high dimensional 
MRI and genetic data sets) and requires additional public data sets. 

Here, we describe the Oregon-ADHD-1000, a newly available public 
data set on the NIMH Data Archive (NDA). It employs a case-control 
design for ADHD that is ideally suited to the type of multi-unit, pro
cess- oriented analyses needed due to the following features: up to 12 
years of annual follow-up data; deep multi-method, multi-measure, 
multi-informant, multi-trait, multi-clinician clinical evaluation and 
phenotyping; over-representation (over 50% of longitudinal sample) of 
cases of ADHD; lag longitudinal design allowing age-based analyses 
spanning age 7–19 + years; extensive measures of neural and cognitive 
development (i.e., executive functioning and computationally derived 
cognitive phenotypes, longitudinal functional and structural MRI); 
GWAS and MWAS (methylation array) data; psychophysiological data 
(heart rate variability, electrodermal activity); psychosocial measures; 
and clinical and functional outcome data. In conjunction with larger 
population data sets, this data set provides a complementary resource 
for deeper study of functional implications of epidemiological findings, a 
test data set for developing hypotheses to be tested in other data sets, 
and a resource for case-control comparisons of the sort useful to clinical 
planning. This dataset represents a cohort that is unique for ADHD 
research in regard to the frequency and duration of follow-up that in
cludes detailed clinical evaluation, repeat MRI, and genetic data. We 
also describe two companion cohorts that further enrich the resource: an 
available ASD-add-on cohort and a cross sectional replication case- 
control ADHD data set (the Michigan ADHD-1000) in a different re
gion of the country for the clinical and behavioral measures. 

Overall, this clinical case-control sample has advantages that are 
valuable for many purposes, by establishing confidence in the clinical 
status at baseline and the tracking of that status beyond baseline, by 
representing another perspective on what clinical decision making may 
entail, and by representing the “next generation” of ADHD outcome 
studies in relation to multi-unit evaluation, description, and mechanistic 
discovery. Our hope is that this paper will bring awareness and enhance 
usability of this unique data resource and its public accessibility for the 
broader research community, stimulating it useage in creative studies 
and in making new discoveries about ADHD. 

2. Oregon-ADHD-1000: Methods 

This resource encompasses participants from the community popu
lation (ADHD cohort) (the Oregon ADHD-1000), accompanied by a 
clinically-recruited population (ASD cohort, described later) and a 
replication ADHD cohort (Michigan-ADHD-1000, also described below). 
Participants were identifed and assigned to diagnostic groups in a case- 
finding, best estimate procedure. In the Oregon-ADHD-1000, ADHD and 
non-ADHD cases were evaluated in a lag longitudinal model covering 
developmental span from 7 to 19 + years of age. Data were collected 
over at least 8 and up to 12 years of follow-up per child with enriched 
young-adult outcome measures. Multiple data types were collected 
during the baseline visit and annual follow-up visits over. Loss to 
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participation was 2–4% per year, although the onset of the COVID 
pandemic reduced the availalable in-person visits for cognitive and MRI 
studies at later ages and led to higher reliance on remote data collection 
in the final waves of data. A subset of the ADHD and non-ADHD samples 
were recruited to complete measures to match those of the ASD sample 
(subsequent section, below). 

2.1. Participant recruitment and diagnosis 

2.2. Recruitment 
The present sample was intended to complement the benefits and 

minimize the shortcomings of large epidemiological samples and clinic- 
referred samples for purposes of evaluating psychopathology (rather 
than normative development) over time. Although sampling from clinic 
referrals has the advantage of capturing severe and comorbid cases, the 
approach has the disadvantage of potentially creating artifactual asso
ciations (e.g., Berkson’s bias) and was not selected for this dataset. 
Therefore, the present sample was obtained using a modified multi- 
stage, best- estimate, case-finding procedure in the community 
(Kraemer et al., 2005) (Fig. 1). Human subject protection and ethics 
approval were obtained from the local University Institutional Review 
Board. 

To implement this procedure, families were recruited from the 
community, with ADHD deliberately oversampled to implement a case- 
controlled design and ensure adequate clinical range variation to detect 
mechanistic signal (Benca et al., 2017) and to enable us to examine 
ADHD heterogeneity. To preserve the representativeness of the sample, 
sex or other demographics were not oversampled. Thus, we expected 
groups to differ on sex ratio (at least at the earlier ages, IQ, and social 
disadvantage, all of which have been previously associated with ADHD 
(Faraone et al., 2005; Miller et al, 2018). Families were recruited via 
mass mailings to all homes with children in the target age range in a 
50-mile radius from the campus. The mailings requested volunteers with 
or without possible ADHD. Volunteers (n = 2144) were screened by 
phone to evaluate eligibility as determined by current medications, 
other clinical conditions, and interest in participation. Complete details 
are provided in the Supplementary Information. The primary cohort 
described was collected in western Oregon and is the 
Oregon-ADHD-1000. 

2.3. Diagnostic visit 

Following the phone screening for eligibility, a parent/legal guard
ian provided written informed consent and children provided written 

assent . An in person, on site clinical evaluation was conducted using 
standardized, well-normed rating scales from parent and teacher, parent 
semi-structured clinical interview, child intellectual testing, and clinical 
observation. Best estimate research diagnoses and final eligibility were 
established by a team of two experienced clinicians (a child psychiatrist 
and a child psychologist) who independently arrived at the diagnosis 
using all available information, including: parent and teacher rating 
scales, semi-structured clinical interview by a masters-degree trained 
clinician with inter-interviewer reliability established (K-SADS or SCID, 
below), a short form of the WISC-IV to estimate full scale IQ, achieve
ment testing screeners, and clinician and psychometrician written ob
servations. Aside from two clinically relevant paper and pencil cognitive 
tests (Stroop and Trailmaking), the battery of chronometric computer
ized cognitive tests as well as personality/temperament ratings were 
were not utilized in diagnostic decision-making, to maintain indepen
dence of dependent and independent variables in the analyses of neu
rocognitive development. 

In addition to the multi-method, multi-informant clinical evaluation, 
the data set includes temperament ratings on children (and personality 
ratings at older ages), measures of family environment, multi-informant 
data on behavioral and functional outcomes, treatment history, a 
comprehensive neurocognitive battery, peripheral psychophysiological 
measurements, as well as multi-modal neuroimaging, genotyping, and 
epigenetic data (Kozlowski et al., 2022). A complete list of measures is 
available in the online supplement. 

2.4. Exclusion criteria 

At baseline, children were excluded for non-stimulant psychotropic 
medications, history of seizures or head injury, parent-teacher rating 
discrepancy making diagnosis uncertain, and diagnosis of intellectual 
disability (IQ < 75) or other major medical conditions, including: psy
chosis, mania, current major depressive episode, Tourette’s syndrome, 
and autism. Youth were excluded at baseline if they currently met 
criteria for a full major depressive episode, due to the difficulty of 
accurately evaluating ADHD symptoms in those youth. In follow up 
visits, depression was not exclusionary. As expected, depression devel
oped in many of the youth, enabling study of depressed mood and 
related outcomes over time. Complete details including specific medi
cations at baseline, are provided in the Supplementary Information. 
Medication and treatment status were recorded annually. 

Fig. 1.. Overview of Participant Recruitment 
Fig. 1 illustrates the participant flow into this 
study using a case-finding, best-estimate pro
cedure. On the left top moving to the right, the 
primary Oregon-ADHD-1000 cohort was 
recruited through widespread public outreach 
and mass mailings and then screened to find 
cases of ADHD and non-ADHD typically devel
oping youth who met study inclusion criteria. 
“Other” represents cases in which only one re
porter rated notable symptoms, or the case was 
subthreshold/NOS (e.g. 4 symptoms with 
impairment), or the child was taking a dis
qualifying medication (e.g.anti-depressant) at 
baseline. The same procedure was used for the 
generalizability sample named the Michigan- 
ADHD-1000 (not depicted to maintain read
ability; described below). On the bottom left to 
right, the ASD cohort (also described later in 
the text) was recruited from hospital records 

and then diagnostic status was confirmed by a similar best-estimate multi-clinician review procedure as used in the ADHD-1000. Please refer to the main text for full 
details on recruitment and diagnosis.   
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2.5. Quality control processes 

Extensive procedures were implemented to ensure high data quality 
in all aspects of the data from collection to processing. For the clinical 
and diagnostic data, K-SADS interviewers underwent initial expert 
training and then a master trainer maintained validity, fidelity, and 
reliability with each subsequent generation of interviewers over the 
course of the study. Interviewers were required to achieve a threshold 
kappa > =0.70 with the master trainer. Then, a percentage of their in
terviews were recorded and reviewed by a master trainer to ensure 
continued fidelity and to prevent procedural drift. Research assistants 
administering paper and pencil materials (IQ screen, academic screen, 
certain cognitive tests) underwent extensive training and had to pass a 
check-out procedure with a licensed clinical psychologist before seeing 
participants to collect data. Their sessions were videotaped and fidelity 
checks conducted on a regular basis as well. The diagnostic team clini
cians (psychiatrist and clinical psychologist) reviewed cases indepen
dently and achieved kappa > 0.87 for ADHD diagnoses at all years of the 
study and > 0.70 for nearly all common disorders. These same proced
ures were in place both for the Oregon-ADHD-1000 and the Michigan- 
ADHD cohorts. Computerized data (cognitive experiments and tasks, 
physiological recordings) were carefully screened for data quality. 
Computerized chronometric and accuracy data were filtered for out of 
range values, and for evidence of task non-participation, as detailed in 
the measure descriptions in the online supplement. Paper and pencil 
questionnaire data and paper and pencil cognitive measures were dou
ble entered by two research assistants and discrepancies in their entries 
were resolved by a data manager reviewing the raw data. 

Genetic data and neuroimaging data were also carefully processed 
using best practices as detailed below. 

3. Data types 

Baseline evaluations were collected in 1483 children in the ADHD 
longitudinal cohort (ADHD n = 739; non-ADHD n = 434; Subthreshold/ 
NOS n = 310). The participant demographics for the Oregon and 
Michigan ADHD cohorts are presented in Table 1. 

A summary of data types collected for each cohort is presented in  
Table 2. After the baseline assessment, 849 children participated in a 
second testing visit, and 646 children continued for annual follow-up for 
up to 12 years (Fig. 2). 

Supplementary Information provides the number of individual par
ticipants at each time point frequency as well as retention data. Overall, 
participant loss averaged 2.5% per year, resulting in 64% retained at 12 
years. Note that 29 additional 7-year-old participants had varying levels 
of participation due to the pandemic, as described in the Supplementary 
Information. 

3.1. Clinical evaluation 

As described above, DSM-IV and DSM-5 diagnoses were made 
independently by each clinician to assign to ADHD (n = 739), non- 
ADHD(n = 434) and Other (n = 310; principally cases in which only one 
reporter rates notable symptoms, or the case was subthreshold/NOS (e. 
g. 4 symptoms with impairment), or the child was taking a disqualifying 
medication such as an anti-depressant) groups at baseline using a best 
estimate procedure. To count symptoms, the clinicians used the 
following rule: If both parent and teacher ratings exceeded T-score > =

60 on at least one ADHD scale and both rated at least 3 symptoms as 
“often” or “very often” on the ADHD rating scale (or for parents the K- 
SADS), the “or” algorithm could be employed (Lahey et al., 1994). When 
either of the informant’s rating fell below this mark, and clinicians 
judged that this was not explained by successful medication treatment 
during the school day, then the case was excluded from follow-up if this 
occurred at baseline or assigned a subthreshold or NOS/other diagnostic 
code if occurring at follow-up. The team required that all other DSM-IV 
and DSM-5 criteria be met, as described completely in the Supplemen
tary Information. 

The full diagnostic evaluation was repeated annually, with ques
tionnaires completed at 6, 12, 18, and 24 months and then annually. 
When face-to-face evaluation could not be conducted, then a modified 
evaluation was conducted remotely using rating scales and question
naires and a semi-structured clinical interview conducted by telephone. 
At the follow-up visits, parents completed a K-SADS interview. At an 
average age of 12 years for one cohort and at 16 years for another 
cohort, children also completed a self-report K-SADS with a clinician. 
After age 18 years, the youth completed a SCID-I interview and SCID-II 
questionnaire. At the later ages, additional adolescent-appropriate 
follow-up and outcome measures were added. In addition to repeating 
the baseline measures, outcome and development measures included 
assessment of treatment received (pharmacological and psychosocial) 
annually; pubertal status from early on (enabling tracking of its emer
gence); alcohol and substance use; and social, academic, and health 
functioning, enabling mapping of trajectories of development in these 
spheres. See Supplementary Information for a full list of measures 
administered in each follow-up year. 

Table 1 
Demographic information for the Oregon-ADHD-1000 and the Michigan-ADHD- 
1000 data sets at baseline.   

Oregon ADHD-1000 Michigan ADHD-1000 

% Female 39% 44% 

Mean Agea (SD) 9.4 years (1.6) 13.6 years (5.4) 

Race / Ethnicity Not 
Hispanic/ 
Latino 

Hispanic / 
Latino 

Not 
Hispanic/ 
Latino 

Hispanic / 
Latino 

American Indian / 
Alaska Native 

3 (0.2%) 2 (0.1%) 14 (1.1%) 0 

Asian 30 (2.1%) 1 (0.07%) 8 (0.6%) 0 
Native Hawaiian / 

Pacific Islander 
5 (0.3%) 2 (0.1%) 2 (0.2%) 0 

Black / African 
American 

38 (2.6%) 3 (0.2%) 123 (9.2%) 0 

White 1148 
(79.2%) 

54 (3.7%) 984 (73.9%) 0 

More than One 
Race 

123 (8.5%) 34 (2.3%) 122 (9.2%) 0 

Unknown / Not 
Reported 

5 (0.3%) 2 (0.1%) 17 (1.3%) 61 (4.6%) 

Mean Family 
Incomeb (SD) 

4.5 (2.0) 3.8 (1.9)  

a Age at baseline 
b Family income measures are based on the following scale: 1 =less than 

$25,000, 2 = $25,000-$35,000, 3 = $35,000-$50,000, 4 = $50,000-$75,000, 
5 = $75,000-$100,000, 6 = $100,000-$130,000, 7 = $130,000-$150,000, 
8 =more than $150,000. 

Table 2 
Summary of data types available for each cohort.  

DATATYPE COHORT 

OREGON 
ADHD-1000 

OREGON- 
ASD 

MICHIGAN 
ADHD-1000 

Personality and 
temperament 

• • •

Cognition • • •

Peripheral 
Psychophysiology 

• •

Neuroimaging • •

Electroencephalography •

Genetic • •

DNA methylation • •

Longitudinal Annual 
Follow-up 

•
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3.2. Additional Sub-phenotyping 

The data set is designed to enable integration with dimensional an
alyses of sub-phenotypes following the logic of the NIMH Research 
Domain Criteria (RDoC) initiative (Clark et al., 2017; Cuthbert, 2020). 
These dimensional domains include arousal (signal detection, activa
tion), executive function (working memory, response inhibition, set 
shifting), information gain, other neurocognitive measures, tempera
ment and personality (pertaining to positive and negative affective 
valence), as well as broad band self- and other ratings of psychopa
thology using normative scales. Measures of parent psychopathology, 
and child developmental history, are also included. Several of the rele
vant constructs have been assembled into validated latent variables in 
relation to conceptualized constructs, via confirmatory factor analyses, 
including validated latent variables for parent- and teacher-rated ADHD 
symptoms, arousal/alertness, response inhibition, response output 
speed, and working memory (see Latent Variable section below and 
supplement for particulars). 

3.3. Personality and temperament 

The study conceptualization included consideration of the link from 
ADHD to temperament and personality in childhood and during devel
opment building on a substantial literature relating psychopathology 
with personality or temperament (see Nigg et al., 2020c). These were 
measured by parent-ratings and, at older ages, self-ratings . Thus, for 
children under the age of 12, only parent report was obtained, both to 
reduce burden on the child participants and due to the likely higher 
validity of parent ratings in that age period. At ages 12 and up, child 
self-report of temperament was also obtained in both data sets. 

Although direct lab task observation of temperament can be assessed 
by trained observers (Tackett et al., 2019), parent ratings are advanta
geous given they are in position to observe children across multiple 
contexts (Rothbart, 2012), have been utilized in studies related to the 
development of temperament in children across the lifespan and viewed 
as a valid indicator of temperament traits (Clark and Watson, 2021; 
Shiner et al., 2021). 

Temperament measurement was derived from Rothbart’s tripartite 
temperament model (Rothbart, 2012; Rothbart et al., 2000), which 

Fig. 2. Repeated Assessment of Multiple Datatypes Each participant is represented by an individual line with each visit represented as a dot along the line (A). The 
longitudinal collection of each datatype is represented in B. Details on individual visits per participant are provided in the Supplementary Information. Blue
=neuroimaging, yellow=cognitive tasks (e.g. executive functioning), green=peripheral psychophysiology as represented by electrocardiography(ECG). 
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maps quite well onto major developmental theories of personality. The 
broader construct of personality, complementing the temperament 
measures, was measured with the versatile California Q-Sort (Caspi and 
Block, 1992) which enables retrieval of multiple domains of personality 
from different perspectives (Eisenberg et al., 2003, 1996; Martel et al., 
2022). Publications from this and the companion data set have thus been 
able to utilize different theoretical lenses. Temperament was evaluated 
with the Rothbart rating scale, either the parent-report Temperament in 
Middle Childhood Questionnaire (TMCQ) or the parent- and self-report 
Early Adolescent Temperament Questionnaire (EATQ) depending on age 
(see Supplementary Information for details, factor structure, and mea
sures by age). Because the factor structure of these measures has been 
uncertain, the online supplement provides a confirmatory and explor
atory factor model for both measures in this data set and recommended 
modified scale usage (Kozlowski et al., 2022). The model validated here 
distinguishes ADHD, surgency, and two components of negative affec
tivity defined as (a) sadness, worry, fear and (b) irritability/anger (Nigg 
et al., 2020b). 

3.4. Cognition 

After selection for enrollment at baseline, children completed a 
second baseline visit in which the cognitive measures were obtained 
after a medication washout of > = 7 half-lives. We administered the 
following tasks (a) Stop-Go task (Nigg, 1999; Schachar et al., 1995), (b) 
Identical Pairs Continuous Performance Task (Cornblatt and Malhotra, 
2001), (c) Spatial span forward and backward (De Luca et al., 2003), (d) 
Digit span forward and backward from the WISC-IV, (e) N-back, 
including 0-back, 1-back, and 2-back conditions, (f) Delis, Kaplan, and 
Kramer (DKEF; Delis et al., 2001) version of the Stroop task (word, color, 
and color-word), (g) DKEF Trailmaking test (number, letter, and shift
ing), and (h) a motor time reproduction task at fast (500 ms) interval 
from which we derived clock precision (clock variation; Wing, 2002; 
Wing and Kristofferson, 1973a, 1973b). See the online Supplementary 
Information for details of task procedures, data cleaning, quality control, 
and validity checks. 

The cognitive measures were selected at study launch in 2007/2008 
with the intent to cover the major cognitive and attentional theories of 
ADHD at that time. These included (a) executive functioning with a 
special focus on working memory and response inhibition, (b) arousal/ 
activation (or in more contemporary terminology, attentional alertness 
(Petersen and Posner, 2012), with a focus on signal detection and more 
recently computational measures of information gain (Karalunas and 
Huang-Pollock, 2013), (c) temporal information processing (time 
reproduction task), (d) output speed, and (e) reward delay discounting. 
As detailed in the supplement, standard computerized measures were 
used drawing from both clinical neuropsychology and cognitive science 
using chronometric methods. Careful data cleaning was undertaken and 
computational models were utilized for task decomposition whenever 
possible. In particular, the race model for response inhibition (Ver
bruggen et al., 2019), signal detection theory to evaluate detection 
sensitivity (d’) seen as an index of arousal or alertness (Wickens, 2001), 
and (B’) as an index of activation on the continuous performance task 
(Sergeant et al., 1999); the drift diffusion model to evaluate information 
accumulation and properly model speed-accuracy trade-offs on 
sequential reaction time data under a formal psychometric theory 
(Ratcliff et al., 2016); a hyperbolic model of delay discounting (Mazur, 
1987; Mitchell et al., 2015) and the Wing-Kristofferson model for tem
poral information processing (Wing and Kristofferson, 1973a). Measures 
of intellectual function are also obtained using a validated and reliable 
short form of the WISC-IV congruent with the years of data collection. 
Academic functioning is estimated with short forms of the WIAT-III 
(version matched to years of data collection). 

3.5. Peripheral Electrocardiology (ECG) 

Peripherally measured cardiac data were obtained using a 7-lead 
electrocardiography (ECG) and impedance cardiography (ICG) config
uration. These were used to derive respiratory sinus arrythmia (RSA) 
and cardiac pre-ejection period (PEP), measures thought respectively to 
relate to tap parasympathetic and sympathetic regulation of heart rate, 
and thus, interpretable in regard to self-regulation (Meye and Digir
olamo, 2007). The measures were obtained during a resting baseline and 
throughout several of the cognitive tasks (spatial span, delay discount
ing, stop-go task) and an emotion task. Briefly, in the emotion induction 
and suppression procedure, children viewed a sequence of video clips 
appropriate to the age of children at that year of data collection (details 
in the supplement). The procedures included conditions in which chil
dren were instructed to visibly show the emotion elicited by the video 
clips or to intentionally suppress expression of the emotion and suc
cessfully challenged regulation(Musser et al., 2011). Procedural details 
including inter-person reliability and validation are provided in the 
Supplementary Information. 

3.6. MRI Neuroimaging 

Participants were scanned at OHSU’s Advanced Imaging Research 
Center (AIRC) on a 3.0 T Siemens Tim Trio Magnetom scanner using a 
12-channel head coil and completed one T1 weighted structural image 
as well as 3 5-minute resting state scans (see Supplementary Information 
for detailed information on fMRI data acquisition and approach to 
sequence change during the study period), providing 15 min of func
tional data per participant per follow-up assessment. All of the data were 
processed using a modified version of the Human Connectome Project 
(HCP) image processing pipeline (Glasser et al., 2013; Mills et al., 2018). 
After processing, we used a manual curation process to further assess the 
data quality. See Supplementary Information for detailed information 
on quality control. 

3.7. Electroencephalographic Neural Measurement 

Two-hundred seventy-two children (nADHD at baseline = 169) also 
completed a single time point of EEG data collection at either Year 5, 6, 
or 8 of the larger longitudinal study (ages 11–17 years old). EEG was 
recorded with either 32 (n = 177) or 64 (n = 95) Ag-AgCl active elec
trodes based on the international 10–20 system using an Easycap 
(Easycap GmbH; configurations available at https://www.easycap.de/ 
author/easycap/). The EEG signal was amplified with Brain Products’ 
ActiCHamp system and digitally recorded at 500 Hz using PyCorder 
v1.0.9. Impedance levels for each electrode was at or below 50 kΩ 
during data collection. EEG was referenced online to the central midline 
electrode site (Cz). 

During the EEG visits, children completed a series of tasks intended 
to measure aspects of emotional and cognitive control, as well as their 
interaction. This included: 1) an 8-minute resting baseline task, which 
was divided into four, 2-minute blocks alternating eyes-closed and eyes- 
open conditions (Alperin et al., 2019; Karalunas et al., 2022; Ostlund 
et al., 2021); 2) 3 separate conditions (positive [happy], negative [fear], 
neutral) of an emotional go/no-go task (in counterbalanced order) 
intended to measure effects of emotion on inhibitory control and reac
tion time/reaction time variability; and 3) a novel whole-report version 
of the well-known change detection paradigm to measure working 
memory capacity and performance variability independent of motor 
response (Adam et al., 2015). 

3.8. Developmental, environmental, and clinical treatment measures 

Extensive developmental and family data were also obtained which 
have been productive in mapping ADHD risk, as well as ADHD envi
ronment and genetic interplay as illustrated with the following. Parents 
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completed a detailed developmental history form that retrospectively 
tracked prenatal risk factors (Martel et al., 2022; Wiggs et al., 2016) and 
early developmental milestones, including history of breast-feeding 
(Stadler et al., 2016). Family context was evaluated serially with com
mon measures including the Family Environment Scale (Elmore et al., 
2016; Moos and Moos, 1987), Child Perception of Inter-Parental Conflict 
Scale (Nigg et al., 2009), and a parenting styles questionnaire (Martel 
et al., 2011). In addition, for an observational measure a parent 
five-minute speech sample was obtained, transcribed, and coded 
providing a measure of the expressed emotion (Musser et al., 2016). 

Treatment history was evaluated by parent- and self-report every six 
months for the first 3 years and then annually, providing detailed in
formation on medications, psychotherapy, and other treatment 
including doses, duration, and type. Treatment is thus available as a 
useful time-varying covariate or moderator. 

3.9. Genetic 

A subset of the children (N = 770, including 105 sibling pairs) pro
vided saliva samples and were genotyped. Saliva samples were collected 
during study visits beginning at baseline (mid-session, after at least one 
hour without food) using Oragene (R) cups (DNA Genotek Inc., Kanata, 
ON, Canada) and DNA was isolated using manufacturer protocols. DNA 
were extracted by the Integrated Genomics Laboratory at OHSU under 
the direction of Chris Harrington, Ph.D. The online supplement provides 
details on extraction. 

Genotype data allows for genome-wide association studies, poly
genic risk score analyses Hermosillo et al. (2020); Mooney et al. (2020); 
Nigg et al. (2020a); Nigg et al. (2018)) and other investigations into the 
causal structure of ADHD and related traits (e.g. GxE analyses and 
Mendelian randomization). Genotyping and DNA methylation (MWAS) 
chips were conducted as below and repeat MWAS data are pending. 
PsychChip v1.1 array (N = 603132 SNPs), developed by Illumina, Inc. in 
collaboration with the Psychiatric Genetics Consortium. For most chil
dren, multiple samples have been obtained. For those samples geno
typed to date, all individuals had genotype call rates > 98%. The 
following criteria were used to exclude SNPs: call rate < 97%, 
Hardy-Weinberg equilibrium deviation (p < 1e-6), ambiguous strand 
information, or differential call rates between genotyping batches or 
ethnic groups. SNPs located in regions of suggestive copy number 
anomalies as calculated by B-allele frequency were also removed. 
Additional SNPs determined by Illumina to perform poorly across pop
ulations were excluded. The final data set included 552,352 SNPs. 

Non-genotypes SNPs were imputed with IMPUTE2 (Howie et al., 
2009)using 1000 genomes (1KG phase 3) as the reference panel 
(https://mathgen.stats.ox.ac.uk/impute/1000GP_Phase3.html). Auto
somal chromosomes (N = 537,976 SNPs) were preprocessed and phased 
using SHAPEIT (Delaneau et al., 2013). Variant positions and alleles 
were checked against the reference panel and SNPs that were missing, or 
mismatches were removed (115543 SNPs). Imputation was done on 
3 Mb chunks with 1 Mb buffers on either side. Genotype probabilities 
were converted to best-guess genotypes with genotype set to missing if 
the probability < 0.8. The final data after imputation included 16,284, 
035 SNPs. See Supplementary Information for detailed information on 
validation analyses. 

3.10. DNA methylation 

DNA methylation was assessed at a single time point (mean 
age=9.85 years) for 752 children (including 101 sibling pairs), 743 of 
which also have genotype data (Mooney et al., 2020). Multiple repeat 
samples are available for most of this group, although currently 
methylation has been assayed at two timepoints approximately two 
years apart for only a subset (N = 134), demonstrating massive epige
netic change during that time frame (data forthcoming; data available in 
the NDA). Genomic DNA was isolated from saliva, bisulfite converted, 

and DNA methylation was measured on the MethylationEPIC BeadChip 
(Illumina, Inc.) using a standard protocol. Genome Studio v2011.1 
(Illumina, Inc.) was used to investigate sample hybridization quality and 
to extract probe signal intensities. The data QC procedures included: 
manual inspection of beta distributions, curation of control probes using 
the Illumina BeadArray Controls Reporter, manual inspection of total 
CpG intensity distributions, sex prediction, outlier sample detection, and 
comparison of SNP probes on the MethylationEPIC with the genotype 
data (described above). Data were normalized using smooth quantile 
normalization. See Supplementary Information for detailed information 
on validation of the DNA Methylation data. 

Fig. 3 represents the longitudinal collection of data across multiple 
data types. 

4. Oregon-ADHD-1000 data reduction resources 

4.1. Latent variables 

One benefit of the extensive clinical characterization of our sample is 
the ability to create latent variables measuring primary constructs of 
interest. Those variables are already available for some constructs and 
were developed using a combination of exploratory and confirmatory 
factor analytic procedures. For latent variable scores that are available 
in the public dataset, we direct readers to the following citations for 
details of modeling: 1) ADHD symptoms [e.g.,(Nigg et al., 2020b); 2) 
temperament/emotional constructs, such as irritability, surgency, and 
sadness/anxiety (e.g.,(Nigg et al., 2020b); and 3) executive function/
cognition, including arousal, inhibitory control, processing speed, and 
working memory (Nigg et al., 2018). Latent variables will need to be 
extended into additional study years but should provide a reasonable 
starting point for many analyses. 

4.2. Latent trajectory class assignments 

A further goal that motivated development of this cohort was to 
enumerate and characterize latent trajectory classes defined by differ
ential developmental patterns over time. These models are useful for 
obtaining an initial picture of developmental trajectories (Nagin, 1999). 
Analyses from Waves 1–3 have revealed three meaningful trajectory 
classes for ADHD symptoms, including persisting and remitting classes 
(Karalunas et al., 2022). Similar trajectory classes have been modeled 
for comorbid symptoms, such as anxiety, depression, and oppositional 
defiant disorder. They should prove a useful starting point for in
vestigations of the relations between symptom course and the behav
ioral, cognitive, and imaging data. Thus, we also provide the derived 
class assignments for these trajectories in the dataset. All modeling de
tails can be found in the referenced publications. 

4.3. Temperament sub-phenotype profiles 

Recently, work from our team has focused on creation of sub-profiles 
of ADHD that address irritability and emotional dysregulation via rat
ings of temperament (Karalunas et al., 2014, 2019). Profiles show at 
least moderate stability over the first several years of the study, are 
robust to modeling approach used (e.g., community detection, latent 
profile analysis), and have been informative for clinical prediction. 
Details of modeling, stability, and prediction are available in publica
tions. We include these temperament sub-phenotype assignments in the 
public dataset as a starting point for related analyses. 

5. Oregon ASD add-on sample methods and data types 

The ASD sample provides unique relevance given the status of ADHD 
and ASD as the two major, early onset, behaviorally-based neuro
developmental disorder of childhood (APA, 2013, DSM5) and given (A) 
the change in DSM-5 allowing for comorbid identification (APA, 2013), 
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(b) evidence that ADHD and ASD co-segregate in families (Miller et al., 
2019; Musser et al., 2014), (c) ongoing interest in identifying neurobi
ological, cognitive, and behavioral overlaps and distinctions in these 
neurobehavioral disorders and the diagnostic complexity that comorbid 
cases present following the logic of RDoC, in relation to distinct or 
overlapping dimensions of development (Taurines et al., 2012; Rom
melse et al., 2017; Uddin et al., 2017; Antshel and Russo, 2019; 
Kangarani-Farahani et al., 2022). 

6. Recruitment 

ASD participants (n = 109) ages 7–16 years, were recruited through 
search of hospital records and outreach to eligible participants and 
through mailings and from OHSU’s site for the Autism Treatment 
network housed in the OHSU Institute on Development and Disability, as 
depicted earlier in Fig. 1. Those potential participants who volunteered 
were phone screened for basic eligibility. Those that were eligible were 
screened via an on-campus diagnostic evaluation. 

7. Diagnostic visit 

Following the phone assessment, a parent/legal guardian provided 
written informed consent and children provided written assent. Partic
ipants received a consensus diagnosis from a team of two licensed psy
chologists and a psychiatrist using research reliable clinical interviews, 
including: the same K-SADs interview described earlier and the Autism 
Diagnostic Interview (ADI-R; Rutter, 2003), as well as the Autism 
Diagnostic Observation Schedule (ADOS-2; ADOS-2: Autism Diagnostic 
Observation Schedule: Manual 2012), and parent and teacher answered 
questionnaires, including: the Social Responsiveness Scale (SRS-2; 
Constantino and Gruber, 2012), Children’s Communication Checklist 
(CCC-2; Bishop, 2021), and a developmental history. They also 
completed the behavioral checklists noted for the ADHD cohort 

including the Strengths and Difficulties Questionnaire (Goodman, 1997) 
and the Conners ADHD Rating scale. Similar quality control processes 
were followed as described for the ADHD cohorts. All ASD participants 
also underwent the same evaluation for possible ADHD as the partici
pants in the primary ADHD-1000 study, including parent K-SADS 
interview, parent and teacher symptom readings, and diagnostic team 
best estimate evaluation. 

8. Exclusion criteria 

ASD participants were excluded if they were taking long-acting 
psychoactive medication, had (by parent report) genetic abnormal
ities, neurological impairments, major medical issues or physical dis
abilities, or by K-SADS interview had significantly impairing Axis I 
comorbidities (i.e., bipolar disorder, schizophrenia), closed head injury, 
seizure disorders, or if they had an estimated IQ < 75 by our IQ screen. 

9. Cognitive and neuroimaging procedures 

Those participants meeting criteria for the ASD cohort completed the 
same battery of cognitive measures as described earlier for the ADHD 
and non-ADHD groups. They also completed the same neuroimaging 
protocol as described below. 

10. Michigan-ADHD-1000 replication sample methods and data 
types 

An additional benefit of this resource is the availability of a prior 
cohort of youth recruited in Michigan between 2000 and 2009, prior to 
the Oregon longitudinal cohort, but using identical recruitment and 
enrollment procedures. However, because the population was differ
ent—small town and rural population in central Michigan versus largely 
urban Oregon population, the samples differ across several factors 

Fig. 3. Data types available at each age This resource provides numerous data types across a wide range of ages, enabling multi-level age-based analyses. (A) Total 
observations at each year of age and (B) the distribution of those observations across Neuroimaging, Cognition and Electrocardiology (ECG) data types. All available 
data types are provided in the Supplementary Information. 
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(socioeconomic, cultural, ethnic variation, as well as clinical severity, 
which was somewhat more severe in the Michigan sample). Thus, the 
Michigan sample provides powerful data for generalizability analysis on 
cross sectional findings. This cross-sectional sample includes n = 755 
children ages 6–12 years, n = 380 adolescents ages 13–17 years, as well 
as a sample of n = 196 adults age 18–30 years with total N available for 
generalizability = 1331(including n = 126 sibling pairs) with clinical, 
personality, neuropsychology, environmental (pre/perinatal, proximal 
family), genotype (N = 848, including 126 sibling pairs), and DNA 
methylation (N = 443, including 47 sibling pairs) data. The inclusion of 
this replication dataset provides opportunities to conduct confirmation 
analyses across two large-scale, case-control samples of youth recruited 
using identical procedures. Notably, differences in clinical severity, so
cioeconomic, and cultural variation across these samples can provide 
robust tests of generalizability of mechanisms across multiple individual 
and family-level variables. See Supplementary Information for detailed 
information on confirmation across two samples (Michigan and OHSU) 
with identical procedures. 

The data types available in each of these cohorts are summarized in 
Table 1. 

11. Discussion 

ADHD centers a critical early risk phenotype that is both costly in its 
own right and sets the stage, too often, for poor long-term outcome. The 
mechanisms informing those outcomes, as well as the heterogeneity that 
characterizes both the ADHD syndrome and its development paths, 
require ongoing study that considers multiple units of analysis and with 
sufficiently large samples of youth affected by ADHD to evaluate sample 
heterogeneity. For such purpose, this data set provides longitudinal as
sessments of multiple datatypes across a broad range of development 
that will enable multi-level analysis within and between participants 
(Fig. 3). 

ADHD research from a developmental perspective has relied heavily 
either on longitudinal case-control studies using descriptive data or on 
population data sets with relatively few well-characterized clinical 
cases. The present resource therefore fills an important gap for devel
opmental psychopathology research by providing a longitudinal case- 
control cohort with a substantial number of deeply phenotyped and 
clinically well-characterized cases of ADHD at baseline (indeed, more 
cases of ADHD than in many widely used population cohorts). It departs 
from the first generation of ADHD cohort studies by incorporating 
community (not clinic) recruitment, repeat chronometric neuro
cognitive studies, repeat multi-method neuroimaging, and genetic and 
epigenetic data. 

The development and availability of more sophisticated treatments 
based on single strategies or single biomarkers have not impacted long- 
term outcomes (Erskine et al., 2013; Hinshaw et al., 2015; Swanson 
et al., 2017). Given the complexity and variable presentation of ADHD 
characteristics, multi-level analysis in densely observed longitudinal 
cohorts will provide new insight on the pathophysiology of develop
mental psychopathology that impact breakthrough prevention and 
treatment approaches. This dataset intends to contribute to this effort by 
establishing state of the art data collection across numerous datatypes in 
a case-controlled longitudinal cohort. The ability to combine genetic, 
imaging, and various kinds of phenotype data is increasingly useful for 
efforts to understand the within-person mechanisms involved in ADHD 
and this resource is well suited to that aim. 

In addition to the value of these datatypes as described above, this 
dataset highlights three additional features that are critical to the field: 
depth of phenotyping, emphasis on data quality, and the hurdles of open 
science. 

Particular care was given to detailed phenotyping: clinical (multi- 
method, multi-informant and uniquely, expert clinician review), 
temperament/personality, as well as neuropsychological and neurobi
ological measures readily comparable to other data sets in the literature. 

Neuroimaging data and genetic data are available to complete the 
phenotype and mechanistic study. Thus, it is possible to consider a range 
of extended phenotypes, refined phenotypes, and endophenotypes in 
relation to ongoing issues such as cognitive function, emotional func
tioning and regulation, as well as neurobiology and physiology. 

Extensive steps were taken to ease enrollment for groups historically 
under-represented or under-identified in ADHD research, including in 
person visits to local community and church centers. In both the Oregon 
and Michigan data sets, the demographics of the sample match the study 
catchment quite closely. However, like with other local samples, the 
catchment areas may not be representative of other communities in the 
U.S, specifically related to gender and racial disparities (Hinshaw et al., 
2022; Coker et al., 2016). 

Second, data quality was a major consideration in assembling the 
resource. For the clinical data, extensive training, ongoing measurement 
of inter-rater and inter-clinician reliability, and regular validity and fi
delity checks on data collection procedures were undertaken. The best 
estimate team reviewed cases independently and maintained acceptable 
agreement and kappa agreement rates. For cognitive data, careful data 
cleaning and curating was undertaken to restrict the inclusion of data 
noise whether due to child non-compliance, task misunderstanding, or 
other common data collection source of error. For physiology and EEG 
data, data cleaning procedures similarly included standardized (man
ualized) formal training procedures and assessment of inter-rater reli
ability for subjective decision points that go well beyond what is 
standard in these fields. For neuroimaging data, reliability training and 
manual quality control were completed by all raters to confirm criteria 
required for imaging data to be included in analysis. For genetic data, 
likewise, extensive data processing and quality control checks were 
undertaken, including standard quality filters for both samples and SNPs 
(e.g., call rate, departure from Hardy-Weinberg equilibrium), assess
ment of batch effects, detection of chromosomal anomalies, confirma
tion of sample sex, and identification of cryptic relatedness among 
samples. 

Open data access is a pillar of the broader Open Science movement 
and a key, but not always appreciated, corollary is the need for re
searchers to have access to detailed understanding of the motivating 
drives behind study design and the detailed research procedures. With 
the resource here, we intend to facilitate not only the open availability of 
the data, but access to the meaningful details of study design and data 
collection procedures that may substantively affect how data should be 
used and interpreted. Relatedly, at least one of the goals of the Open 
Science movement is to speed scientific discovery via promoting tests of 
replication and generalizability of findings. Here, we contribute directly 
to these critical components of scientific discovery via the availability of 
a generalizability cohort (the Michigan ADHD-1000) with nearly iden
tical methods of behavioral data collection, which adds a unique 
dimension compared to other public datasets. On the neuroimaging side, 
the ability to match methods to the ABCD study is also a valuable 
feature. Open science practices are advanced by the availability of this 
clinically rich dataset along with a well-matched replication sample. In 
this way, researchers can test rich, multiple levels of analysis concep
tualizations and pathways to disorders, as well as replicate in a large, 
demographically distinct sample. 

12. Conclusion 

In conclusion, we describe a case-control data source for ADHD with 
multi-method, multi-measure, multi-informant, multi-trait, multi- 
clinician evaluation and phenotyping over 12 years of annual follow- 
up spanning age 7–19 + years. In addition, this data set benefits from 
an autism spectrum disorder add-on cohort and a cross sectional repli
cation case-control ADHD data set from a different geographical region. 
By establishing confidence in clinical status at and beyond baseline, this 
public data source may enable the next generation of multi-unit evalu
ation in ADHD. This data source is available on the NIMH Data Archive 
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(NDA) under # 1938, THE OREGON ADHD-1000: A LONGITUDINAL 
DATA RESOURCE ENRICHED FOR CLINICAL CASES AND MULTIPLE 
LEVELS OF ANALYSIS DOI: 10.15154/1528485. The study page pro
vides instructions on locating the ASD and Michigan-ADHD-1000 data. 
Additional availability is planned on Open Neuro (www.openneuro. 
org). 
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