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Abstract

High-quality automated ADHD assessment has
the potential to increase screening rates among
individuals in clinical settings, but these meth-
ods are far from perfect. Binary classification
methods can obscure differences among clin-
ical populations, and computational ADHD
studies often evaluate binary diagnostic predic-
tion against neurotypical controls. Such com-
parisons can obscure which measurements re-
main useful when ADHD is distinguished from
other psychiatric conditions. We address these
gaps using the HYPERAKTIV clinical cohort
and four measurements: the Conners Contin-
uous Performance Test II (CPT-II), self-report
questionnaires, heart-rate variability (HRV),
and actigraphy. We examine three aspects of
multimodal ADHD assessments: what infor-
mation different modalities provide for binary
ADHD classification, how well multimodal
measurements distinguish the clinical groups,
and how patterns in the features relate to clini-
cal diagnosis in unsupervised analysis. CPT-II
combined with self-report achieved the high-
est binary AUC (0.908), but was not reliably
better than self-report alone under nested cross-
validation. In the three-way task, the inattentive
group was the hardest to identify. Clustering
produced feature profiles that crossed diagnos-
tic groups. These results suggest that adding
more modalities does not necessarily improve
classification and that feature-space structure
does not always align with diagnostic groups.

1 Introduction

Attention-deficit/hyperactivity disorder (ADHD)
is often mistaken as a single homogeneous diag-
nosis, but it is heterogeneous, with presentations
that differ in the relative prominence of inatten-
tion and hyperactivity-impulsivity (Mostert et al.,
2018). In practice, ADHD assessment integrates
multiple sources of evidence, including symptom
reports, behavioral and cognitive testing, and clin-

ical history, rather than relying on a single fea-
ture (Adamou et al., 2024).

There are several types of measurements that
capture different aspects of behavior and physiol-
ogy that can help identify symptoms of ADHD. The
Conners’ Continuous Performance Test II (CPT-
II) (Conners and Sitarenios, 2011) is a standard-
ized computer task that measures sustained atten-
tion and response inhibition through omission er-
rors, commission errors, and response-time vari-
ability (Huang-Pollock et al., 2012; Fasmer et al.,
2016; Egeland et al., 2009). Self-report question-
naires capture difficulties reported by the partici-
pant. Heart-rate variability (HRV) measures vari-
ation in the time between heartbeats, while actig-
raphy uses wrist-worn sensors to measure patterns
of movement and activity (Ji et al., 2025). Such
activity patterns and physiological measures have
shown potential for ADHD detection (Shafna and
Madhu Kumar, 2024; Ji et al., 2025).

Researchers are leveraging these measurements
to automatically screen for ADHD, but the task
is often reduced to binary classification: ADHD
versus non-ADHD (Hernandez et al., 2023; Pathan
et al., 2026). This overlooks differences between
ADHD presentations. Additionally, these studies
often use neurotypical participants as the compar-
ison group (Casals et al., 2025), making it harder
to see which measurements remain useful when
ADHD must be distinguished from people with
other psychiatric conditions.

We address three questions in this study. First,
what information do different measurement modal-
ities provide for binary ADHD classification? Sec-
ond, how does multiclass classification extend from
distinguishing ADHD from psychiatric controls
to distinguishing different clinical groups? Third,
how do patterns in the measured features relate to
diagnostic groups in unsupervised analysis?

We explore these questions using the HYPER-
AKTIV dataset (Hicks et al., 2021), which contains
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detailed ADHD assessment data from 103 adults.
This includes 51 participants with ADHD and
52 psychiatric clinical controls with other mental-
health diagnoses. The ADHD participants are fur-
ther distinguished as inattentive ADHD (ADD) or
non-inattentive ADHD groups. This cohort allows
us to examine ADHD prediction in a clinically
relevant comparison where the non-ADHD group
may have other psychiatric conditions, rather than
a strictly neurotypical group. 1

The main contributions of this study are that:

1. Some modality combinations provide
higher observed performance. CPT-II and
self-report achieve the highest observed binary
AUC of 0.908 (n = 97), compared with 0.811
for CPT-II and 0.844 for self-report alone.
2. Multi-class prediction reflects differ-
ences between ADHD groups. In three-way
classification, the inattentive group has low
recall with every feature set. Even modalities
that contribute to strong binary ADHD pre-
diction did not translate well to finer-grained
ADHD assessment.
3. Multimodal measurements reveal struc-
ture that extends beyond diagnostic labels.
Across different combinations of CPT-II, self-
report, HRV, and actigraphy, clustering identi-
fies groups with distinct measurement patterns.
These groups span diagnostic categories rather
than simply separating participants according
to ADHD status.

2 Related Work

2.1 Multimodal Mental-Health Assessment

Automated methods of mental-health assessment
combine information from multiple sources, includ-
ing cognitive and behavioral measures, self-reports,
physiological signals, and wearable sensors. Re-
cent multimodal mental-health systems have com-
bined physiological sensing with language repre-
sentations (Xu et al., 2026) and integrated tran-
script text, audio, and facial behavior for clinical
assessment (Alavo et al., 2026; Lee et al., 2025).
For ADHD, prior work has combined cognitive,
behavioral, and physiological measurements, in-
cluding activity, heart-rate variability (HRV), eye
tracking, and EEG (Ji et al., 2025; Castro Ribeiro
et al., 2024; Olinic et al., 2025). The Conners’
Continuous Performance Test II (CPT-II) is one

1Code for reproducing the experiments is available here.

of the measures used in these computational ap-
proaches, as it provides measures of attention, in-
hibitory control, and reaction-time variability that
have been studied in ADHD (Conners and Sitare-
nios, 2011; Huang-Pollock et al., 2012; Fasmer
et al., 2016). Several studies have also compared
individual modalities with multimodal combina-
tions (Ji et al., 2025; Wiebe et al., 2024). However,
the relative utility of these measurements for distin-
guishing ADHD from other psychiatric conditions
remains an open question. To answer this, we sys-
tematically evaluate individual modalities and their
combinations in a psychiatric-control cohort.

2.2 ADHD Classification and Heterogeneity
Neuropsychological research has reported hetero-
geneity in ADHD-related cognitive profiles, in-
cluding differences in attention, inhibition, delay
discounting, and working memory (Mostert et al.,
2018). Despite this, computational ADHD assess-
ment is often formulated as a binary classification
problem between ADHD and control groups (Her-
nandez et al., 2023; Loh et al., 2022; Tenev et al.,
2014; Gao et al., 2022). Pathan et al. (2026) also
applied machine learning to the HYPERAKTIV
dataset. While this formulation evaluates overall
diagnostic separation, it does not assess whether
different ADHD presentations exhibit distinguish-
able patterns in the measured features. Lin et al.
(2023) and other work (Baruah and Kaur, 2024)
used machine learning to distinguish inattentive
and combined ADHD presentations but lacked psy-
chiatric comparison groups. Other studies used
psychiatric comparison groups for ADHD classifi-
cation (Fasmer et al., 2016) but did not distinguish
between presentation types.

Our work builds on this prior body of research by
focusing on three-way classification of inattentive,
non-inattentive ADHD, and non-ADHD clinical-
control groups. We evaluate different features in-
dividually and in combination to determine which
improve assessment accuracy across these groups.

2.3 Unsupervised Analysis of ADHD
Heterogeneity

Supervised classification evaluates predefined di-
agnostic labels without checking if these labels
reflect underlying patterns of variation in the mea-
sured features. An unsupervised analysis offers a
complementary perspective by identifying patterns
without relying on clinical labels. Prior research
applied community detection to neuropsycholog-
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ical networks to identify cognitive subgroups in
adults with ADHD and healthy controls (Mostert
et al., 2018). Such an analysis can also reveal het-
erogeneity within a diagnostic group, rather than
only differences between diagnostic groups.

We apply clustering to combinations of the avail-
able modalities and compare the resulting patterns
with clinical diagnoses. This analysis explores
whether clustering based on multimodal measures
organizes participants according to clinical cate-
gories or instead reveals patterns that cut across
those categories.

3 Dataset and Preprocessing

3.1 Dataset Description

The HYPERAKTIV dataset (Hicks et al., 2021)
contains multimodal clinical assessment data from
103 participants aged 17–67, including 51 partic-
ipants diagnosed with ADHD and 52 psychiatric
clinical controls. Participants were assessed in a
psychiatric outpatient setting and completed a com-
puterized attention task (CPT-II), while naturalis-
tic activity and physiological data were collected
using wearable sensors, and clinical assessments
were collected through questionnaires, including
ASRS, WURS, MADRS, and HADS, alongside
the MINI Plus clinical interview framework. The
ADHD group includes 23 individuals with inat-
tentive ADHD (labeled as ADD) and 28 with
non-inattentive ADHD. The control group con-
sists of participants with other confirmed psychi-
atric conditions, including anxiety, bipolar, unipo-
lar depression, substance-use, and related disorders.
Thus, it represents a clinically relevant differential-
diagnosis setting, instead of a healthy baseline.

3.2 Modalities and Preprocessing

We construct four modality-specific feature blocks
based on the HYPERAKTIV data. Table 1 shows
the availability of data for each feature type.

CPT-II This block includes twelve raw CPT-II
measures, including omissions, commissions, hit
reaction time, response-time variability, d′, β, per-
severations, and block/inter-stimulus-interval ef-
fects (Conners and Sitarenios, 2011). Raw values
are used for supervised classification to avoid the
normative-reference information embedded in pre-
normalized T-scores. Standardized CPT-II T-scores
are used for clustering so heterogeneous dimen-
sions are on comparable scales.

Property Details n

Participant overview
Total cohort Ages 17–67 103
Non-ADD ADHD Non-inattentive ADHD 28
ADD Inattentive presentation 23
Non-ADHD control Psychiatric comorbidities 52

Per-modality availability
CPT-II Raw scores (classification) +

T-scores (clustering)
97

Self-report ASRS, WURS, MADRS,
HADS-A, HADS-D

103

HRV (IBI) Mean NNI, SDNN, RMSSD,
pNN50, skewness

80

Actigraphy Statistical, spectral, and cir-
cadian features

85

Table 1: HYPERAKTIV dataset overview and availabil-
ity of the four modality-specific feature blocks.

Actigraphy Statistical, spectral, and circadian
features were extracted from approximately one
week of wrist-activity recordings using Actiwatch
AW4 devices. These include measures of activity
intensity, spectral power, relative amplitude, intra-
and inter-daily variability, and timing of daily activ-
ity/rest periods (Shafna and Madhu Kumar, 2024).

HRV Five time-domain features were derived
from naturalistic ECG-derived inter-beat intervals
collected over approximately 20.5 hours using
chest-worn Actiheart sensors: mean normal-to-
normal interbeat interval (mean NNI), standard de-
viation of normal-to-normal intervals (SDNN), root
mean square of successive differences (RMSSD),
percentage of successive intervals differing by
more than 50 ms (pNN50), and skewness. Standard
artifact rejection and ectopic-beat correction follow
established HRV preprocessing procedures (Task
Force of the European Society of Cardiology and
the North American Society of Pacing and Electro-
physiology, 1996).

Self-report Five symptom scales were used in the
main experiments: Adult ADHD Self-Report Scale
(ASRS; score 0–72) and the Wender Utah Rating
Scale (WURS; score 0–100) (Brevik et al., 2020),
the Montgomery-Åsberg Depression Rating Scale
(MADRS; score 0–60) (Montgomery and Åsberg,
1979), and the Hospital Anxiety and Depression
Scale (HADS-A and HADS-D; score 0–21) (Zig-
mond and Snaith, 1983). Assessments were col-
lected in a psychiatric outpatient setting using the
MINI Plus clinical interview framework (Sheehan
et al., 1998). Missing numerical values were im-
puted using median statistics from the training data
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within each cross-validation fold, while partici-
pants with insufficient questionnaire coverage were
excluded. These measures capture ADHD symp-
toms alongside depression and anxiety burden,
which is particularly relevant for the psychiatric-
control cohort.

4 Experimental Setup

We conduct three complementary analyses lever-
aging different combinations of the available fea-
ture sets: an ablation study of modalities for bi-
nary ADHD-versus-clinical-control classification,
a three-way classification of clinical groups, and un-
supervised clustering of different modality blocks.
For each modality, models use the available data
for the corresponding feature set. For models com-
bining multiple modalities, only participants with
data available for all included feature sets are used.

4.1 Binary Classification

The first analysis is a binary classification of
ADHD versus non-ADHD participants. We com-
pare Logistic Regression (LR), Random Forest
(RF), XGBoost, and LightGBM using stratified
10-fold cross-validation. These classifiers were se-
lected to maintain consistency with the original
HYPERAKTIV study (Hicks et al., 2021). LR
uses L2 regularization and balanced class weights;
the tree-based models are included to test whether
nonlinear decision boundaries improve over a regu-
larized linear baseline.

We report ROC-AUC as the primary threshold-
independent metric and additionally report bal-
anced accuracy, F1, and Matthews Correlation Co-
efficient (MCC) (Hicks et al., 2022). The observed
balanced accuracy is compared to chance odds us-
ing a 500-iteration permutation test in which diag-
nostic labels are randomly permuted while preserv-
ing the feature matrix and evaluation procedure.

To test whether the modality ranking above is
robust to sample composition, we repeat the binary
classification on the common complete-case sam-
ple with data available for all modalities (n = 64).
For each modality block, we use 5×5 repeated
stratified cross-validation with a nested inner loop
that selects among LR, RF, XGBoost, and Light-
GBM by validation AUC. We then compute paired
AUC differences between each block and the CPT-
II + self-report reference block across the repeated
folds, and report the 2.5th and 97.5th percentiles
of these fold-level differences (Appendix C details

the protocol and per-block results).

4.2 Three-Way Classification
We extend the diagnosis classification to three
groups: inattentive ADHD, non-inattentive ADHD,
and non-ADHD clinical controls. Since the inat-
tentive ADHD group is smaller (23 of 103 partic-
ipants), we report macro-F1, one-vs.-rest macro-
AUC, and balanced accuracy. We use stratified 5-
fold cross-validation and evaluate the same modal-
ity blocks as in the binary experiment. For each
modality block, we report the classifier with the
highest cross-validated macro-F1 among LR, RF,
XGBoost, and LightGBM; model selection is ex-
ploratory, not nested. The three-way task evaluates
presentation-sensitive prediction, not clinical diag-
nosis.

4.3 Unsupervised Cognitive Phenotyping
We use K-Means clustering to group participants
based on features from individual modalities and
multimodal combinations. PCA is used to visual-
ize the resulting clusters in two dimensions. We
then examine whether the resulting groups align
with or extend beyond clinically defined categories,
as in prior work on cognitive heterogeneity in
ADHD (Mostert et al., 2018).

For the clustering analyses, we use a selected
subset of the modality combinations to reduce re-
dundancy and preserve interpretable comparisons
under limited sample overlap. Certain combina-
tions (e.g., CPT + HRV and CPT + Actigraphy)
were omitted from detailed clustering analysis
to limit redundancy with the retained combina-
tions. The number of clusters k was selected us-
ing silhouette-based model selection (Rousseeuw,
1987). We restricted k to 3–6 because a two-cluster
solution can trivially reproduce a coarse split (e.g.,
ADHD vs. control) and we aimed to look for struc-
ture beyond it.

Within-cluster compactness and between-cluster
separation were evaluated using the Silhouette
score (Rousseeuw, 1987) and Davies-Bouldin (DB)
index (Davies and Bouldin, 1979). The alignment
between clusters and diagnostic labels was assessed
using the Adjusted Rand Index (ARI) (Hubert and
Arabie, 1985) and chi-square tests of independence
between cluster assignments and diagnostic cate-
gories. These analyses are descriptive: agreement
with clinical labels does not establish clinical va-
lidity, and disagreement may reflect meaningful
heterogeneity rather than model failure.
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Model AUC F1 MCC Recall Prec.

Majority 0.50 0.68 0.00 1.00 0.52
LR 0.91 0.79 0.61 0.80 0.81
RF 0.84 0.74 0.54 0.74 0.80
XGBoost 0.86 0.78 0.57 0.80 0.78
LightGBM 0.87 0.78 0.58 0.78 0.80

Table 2: Model comparison on the best modality block
(CPT + Self-report, n=97)

Block n AUC bAcc F1 MCC p

CPT only 97 0.811 0.745 0.724 0.526 0.002
Self only 103 0.844 0.758 0.751 0.533 0.002
HRV only 80 0.429 0.440 0.354 -0.133 0.798
Act. only 85 0.594 0.597 0.597 0.185 0.146

CPT + Self 97 0.908 0.795 0.789 0.607 0.002
CPT + HRV 75 0.788 0.733 0.707 0.476 0.002
CPT + Act. 79 0.726 0.680 0.684 0.371 0.006
CPT+HRV+Self 75 0.840 0.746 0.726 0.518 0.002

All-modality 64 0.769 0.679 0.661 0.362 0.006

Table 3: Binary ADHD vs. non-ADHD classification
using Logistic Regression. bAcc = balanced accuracy;
Self = self-report; Act. = actigraphy. Bold = best feature
block per metric; p = permutation-test p-value.

For supervised classification, all preprocessing
steps that estimate parameters from data are per-
formed within the corresponding training folds.
Clustering is performed on the complete data avail-
able for each modality space. We use fixed feature
definitions and scaling procedures for consistency.

5 Experimental Results

5.1 Binary Classification

We first compared Logistic Regression (LR), Ran-
dom Forest (RF), XGBoost, and LightGBM across
all modality blocks (full results in Appendix D);
LR achieved the highest AUC on 7 of 9 blocks and
is competitive with the best tree-based model on
the remaining two. Table 2 shows this compari-
son on CPT-II + self-report, the strongest modality
block, where LR achieves the highest AUC (0.908,
n = 97), F1, and MCC among the four classifiers.
We therefore use LR as the reference classifier for
the modality comparison below.

The modality ablation in Table 3 compares
LR across modality blocks using each block’s
complete-case cohort; CPT-II and self-report pro-
vide the strongest observed performance. CPT-
II+self-report achieves the highest observed AUC
(0.908, n = 97, permutation p = 0.002), ex-
ceeding CPT-II alone (AUC=0.811) by 0.097 in

Block n AUC Fold Range

CPT only 64 0.784 [0.557, 1.000]
Self only 64 0.799 [0.490, 0.952]
HRV only 64 0.385 [0.083, 0.693]
Act. only 64 0.494 [0.248, 0.762]
CPT + Self 64 0.807 [0.586, 1.000]
CPT + HRV 64 0.724 [0.430, 0.971]
CPT + Act. 64 0.720 [0.472, 0.895]
CPT+HRV+Self 64 0.786 [0.533, 0.986]
All-modality 64 0.754 [0.540, 0.967]

Table 4: Binary AUC on the common complete-case
sample (5×5 repeated nested CV; full metrics in Ap-
pendix C). Self = self-report; Act. = actigraphy.

this single, non-nested cross-validation. On the
common sample (n = 64), the nested estimate
AUCs are 0.807 for CPT-II + self-report and 0.784
for CPT-II alone (Table 4), and the paired differ-
ence includes zero (Table 9). Self-report alone
also performs strongly (AUC=0.844), while adding
HRV to CPT-II + self-report achieves AUC=0.840.
The physiological-only models perform substan-
tially worse: HRV alone is at or below chance
(AUC=0.429, p = 0.798), while actigraphy alone
(AUC=0.594, p = 0.146) is not distinguishable
from chance. The all-modality model achieves
AUC=0.769 (n = 64, p = 0.006). Adding HRV or
actigraphy to CPT-II does not improve over CPT-II
alone.

On the common sample (Tables 4 and 9), self-
report alone differed from CPT-II + self-report by
−0.009 AUC (fold range [−0.262, 0.152]). The
interval includes zero, so the two cannot be distin-
guished. HRV-only (difference −0.422, fold range
[−0.774, −0.036]) and activity-only (difference
−0.313, fold range [−0.667, −0.062]) remain re-
liably worse, as their fold ranges lie entirely below
zero. All differences are computed as the compared
block minus the CPT-II + self-report reference (full
robustness protocol and per-block results in Ap-
pendix C).

5.2 Three-Way Classification

Table 5 summarizes the performance of the 3-way
classification models. The all-modality model had
the highest macro-F1 (0.630), followed by self-
report questionnaires (macro-F1=0.628). Random
Forest, XGBoost, and LightGBM were also evalu-
ated but did not consistently outperform Logistic
Regression in this small-cohort setting.

Across all modality combinations, inattentive
ADHD (ADD) is consistently the most difficult
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Block Model Macro
F1

Macro
AUC

ADD
Recall

CPT-II LGBM 0.517 0.668 0.304
Self-report LR 0.628 0.777 0.478
HRV only XGB 0.294 0.458 0.143
Act. only LR 0.438 0.599 0.435
CPT + Self LR 0.580 0.837 0.348
CPT + HRV XGB 0.486 0.655 0.238
CPT + Act. LGBM 0.513 0.717 0.478
CPT + HRV + Self RF 0.546 0.695 0.333
All-modality LR 0.630 0.758 0.524

Table 5: Three-way classification results using the best
classifier per modality block with stratified 5-fold cross-
validation. Macro-F1/AUC are averaged across classes;
ADD Recall denotes recall for the inattentive group.

Block k Sil.↑ DB↓ ARI
Diag.

CPT-II 4 0.236 1.367 0.050
Self-report 4 0.237 1.262 0.186
HRV 3 0.309 1.111 -0.008
Activity 5 0.135 1.718 -0.005
CPT + Self-report 3 0.161 1.762 0.100
CPT + HRV + Self 4 0.129 1.715 0.095
All-modality 3 0.103 2.175 -0.013

Table 6: Clustering results across modality spaces. Sil.
= Silhouette score; DB = Davies–Bouldin index; Diag.
= binary ADHD diagnosis. Higher Sil. and ARI indicate
stronger cohesion and diagnostic alignment; lower DB
indicates better separation. K-Means is used with k
selected by silhouette.

class to identify. The all-modality model achieved
non-inattentive ADHD recall of 0.667 and non-
ADHD recall of 0.710, while ADD recall was
0.524. The lower ADD recall across modality
blocks indicates that the inattentive group is dif-
ficult to identify from the available feature spaces.

5.3 Unsupervised Cognitive Patterns

Figure 1 and Table 6 summarize clustering results
across modality spaces. Internal cluster quality and
alignment with diagnostic labels showed different
patterns across modalities. Self-report shows the
strongest alignment with the binary ADHD diagno-
sis (ARI=0.186), while HRV produced the highest
Silhouette score (0.309) but no diagnostic align-
ment (ARI=-0.008). These results illustrate that
coherent structure within a feature space does not
necessarily correspond to clinical diagnostic labels.

CPT-II clustering reveals heterogeneous cogni-
tive patterns CPT-II clustering using K-means
clustering (k = 4) identified moderate inter-
nal structure (Silhouette=0.236; DB=1.367) with

limited agreement with binary ADHD diagnosis
(ARI=0.050). The four clusters exhibited differ-
ent ADHD prevalence and captured distinct perfor-
mance profiles, including low-impairment, mixed-
error, and omission-dominant patterns. Rather than
reproducing a simple ADHD/non-ADHD partition,
the clusters capture variation in cognitive measure-
ments within the clinical cohort. These patterns
are exploratory and should not be interpreted as
clinically validated subtypes.

Physiological modalities show strong internal
structure but weak diagnostic alignment HRV
produced the highest Silhouette score (0.309) and
a relatively low DB index (1.111), indicating rel-
atively compact and separated clusters within the
HRV feature space. However, its ARI with binary
ADHD diagnosis was approximately zero (ARI=-
0.008), and the association between clusters and
diagnosis was not significant (p = 0.724). Thus,
the relatively compact HRV clusters did not corre-
spond to the binary ADHD diagnosis.

Activity showed weaker internal structure (Sil-
houette=0.135; DB=1.718) and similarly negligi-
ble alignment with the binary ADHD diagnosis
(ARI=-0.005; p = 0.611). These results show that
feature-space structure does not necessarily match
diagnostic structure.

Adding modalities does not necessarily improve
cluster structure Combining CPT-II with self-
report produced three clusters with modest diag-
nostic alignment (ARI=0.100), while adding HRV
yielded four clusters with ARI=0.095. Including
all modalities produced the weakest internal clus-
tering structure (Silhouette=0.103; DB=2.175) and
no meaningful alignment with binary ADHD diag-
nosis (ARI=-0.013; p = 0.226).

6 Discussion

6.1 Modalities Differ in Discriminative Value

The strongest binary classification model used
the combined CPT-II and self-report measures
(AUC=0.908; Table 3). The combined model’s
higher AUC in the full-sample analysis is com-
patible with complementary information, but the
nested common-sample analysis cannot distinguish
it from self-report alone; we therefore do not claim
complementarity. CPT-II measures standardized
attention/inhibition task performance, while ques-
tionnaires capture everyday symptoms. Together,
they integrate task-based and self-reported mea-
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Figure 1: PCA projections of clustering results for CPT-II, self-report, and CPT-II + self-report feature spaces. Top:
data-driven cluster assignments; bottom: clinical diagnostic groups. Each point represents one participant.

sures. The strong performance of self-report likely
reflects the inclusion of ADHD-specific scales, the
ASRS and WURS, which discriminate adults with
and without ADHD (Brevik et al., 2020; Du Rietz
et al., 2016).

By contrast, HRV and actigraphy contribute
less discriminative information when distinguish-
ing ADHD from other psychiatric conditions in
this cohort. This does not mean physiological sens-
ing is generally uninformative for ADHD. Rather,
physiological and behavioral measures can also re-
flect other conditions and related factors (Ho et al.,
2024). Anxiety and depression can affect auto-
nomic regulation, activity, and sleep rhythms, while
psychotropic medications can affect HRV (Alvares
et al., 2016). Thus, these signals may be less
ADHD-specific in HYPERAKTIV’s psychiatric
control group than in studies using non-clinical
controls (Ji et al., 2025; Shafna and Madhu Kumar,
2024).

6.2 Combining Modalities Does Not
Universally Help

Although multimodal models are often expected
to improve classification (Ji et al., 2025), adding
modalities did not consistently help. CPT+HRV
and CPT+actigraphy had lower AUCs than
CPT-II alone, while the all-modality model
(AUC=0.769) had a lower AUC than CPT-II+self-

report (AUC=0.908). This may reflect the ad-
dition of less discriminative features and the re-
duced sample size when requiring complete data
across four modalities (97 to 64 participants). The
common-sample check (Tables 4 and 9) confirms
that HRV-only and actigraphy-only perform reli-
ably worse than the CPT-II+self-report reference
in the matched cohort.

6.3 Three-Way Classification Reveals Greater
Difficulty for Inattentive ADHD

The three-way experiment exposes a limitation
that binary classification can hide. The inattentive
ADHD group is consistently harder to classify than
non-inattentive ADHD or clinical controls. One
possible explanation is that some observed features
of inattentive ADHD overlap with those found in
other psychiatric conditions. Prior work has shown
that adults with inattentive ADHD and adults with
mood or anxiety disorders can show overlapping
scores on commonly used ADHD measures, while
CPT measures may have limited sensitivity and
specificity for distinguishing ADHD from other
psychiatric disorders (Solanto et al., 2004, 2007).

However, lower recall alone does not explain the
hardness. Other differences between the groups,
including sample size and clinical characteristics,
may also contribute. We therefore interpret the re-
sult as evidence that the three-way task is more dif-
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ficult than binary ADHD classification, rather than
as evidence of a specific boundary between clinical
groups. This result is consistent with heteroge-
neous and overlapping cognitive profiles that are
not captured by the available features. Clinicians
also integrate longitudinal history, impairment, and
developmental trajectory in diagnosis.

6.4 Clustering Reveals Cognitive Patterns

Overall, clustering distinguishes feature-space
structure from diagnostic structure: internally co-
herent patterns do not necessarily map onto psy-
chiatric categories, and adding modalities may not
improve cluster separation or diagnostic alignment.

These results complement the overlapping cog-
nitive profiles in three-way classification. CPT-II
clustering reveals distinct performance patterns in
omission errors, commission errors, and response
variability, but cluster assignments only partially
align with diagnoses. Some non-ADHD partic-
ipants showed more errors or greater variability,
while some ADHD participants clustered with con-
trols showing fewer errors and lower variability.
This is consistent with prior neuropsychological
subgrouping studies reporting overlapping cogni-
tive profiles across clinical and typical popula-
tions (Mostert et al., 2018).

Cross-modal clustering also reveals that differ-
ent modalities produce different divisions of partic-
ipants. HRV forms relatively compact clusters but
shows almost no agreement with ADHD diagnosis,
suggesting that structured physiological patterns
need not provide strong diagnostic discrimination.
Such patterns could be valuable for future work on
symptom dimensions, but should not be treated as
validated clinical subtypes.

7 Conclusion

We investigated multimodal ADHD assessment in
the HYPERAKTIV clinical cohort using CPT-II
cognitive-task measures, self-report questionnaires,
HRV, and wrist actigraphy. Across binary clas-
sification, three-way classification, and unsuper-
vised clustering, the results suggest that using ad-
ditional modalities may be most useful when they
contribute complementary information.

CPT-II combined with self-report has the highest
point-estimate AUC in binary classification, though
not reliably above self-report alone, while HRV and
actigraphy are substantially less discriminative in
this cohort. Three-way classification shows that

inattentive ADHD is consistently difficult to iden-
tify, indicating that finer-grained classification is
harder than binary ADHD classification. Finally,
unsupervised clustering reveals structured cogni-
tive variation that only partially overlaps with diag-
nostic categories. These clusters should be viewed
as feature-space patterns, not subtypes.

These findings emphasize that multimodal
mental-health systems should be evaluated by the
clinical context of the comparison group, the in-
cremental value of each modality, and whether pat-
terns in the measured features extend beyond pre-
defined diagnostic categories.

Limitations

The cohort is small (n = 103; 64 with complete
data), and approximate cross-validation estimates
and intervals mean that all results should be inter-
preted as exploratory. Larger multimodal datasets
covering different ADHD presentations are needed.

Generalizability beyond HYPERAKTIV is also
uncertain. The relatively weak HRV and actigra-
phy results should be interpreted in light of the
psychiatric control group, which differs from the
participants without known clinical diagnoses used
in prior work (Ji et al., 2025; Shafna and Madhu Ku-
mar, 2024). This difference may reflect features of
other psychiatric conditions rather than an ADHD-
specific signal. Future work should examine modal-
ities across both psychiatric controls and partici-
pants without known clinical diagnoses.

Ethical Considerations

This study uses a previously collected and de-
identified clinical dataset. Because the cohort
comes from a single clinical dataset and lacks sys-
tematic demographic, linguistic, or cultural diver-
sity annotations, model performance should not be
assumed to generalize across these contexts. The
models are intended for exploratory research and
should not be used as standalone diagnostic tools.
Clustering results represent statistical structure, not
clinical presentations. Future applications should
include prospective validation, clinician oversight,
and evaluation across diverse patient populations.
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A Multimodal Feature Combinations

Table 7 summarizes the feature combinations evalu-
ated in the multimodal experiments. For each com-
bination, participants are included only when data
are available for all constituent feature blocks. The
number of participants therefore varies across com-
binations because of incomplete modality record-
ings.

Feature set Features n

CPT-II 12 97
Self-report 5 103
HRV 5 80
Actigraphy 21 85
CPT-II + Self-report 17 97
CPT-II + HRV 17 75
CPT-II + Actigraphy 33 79
CPT-II + HRV + Self-report 22 75
All-modality 43 64

Table 7: Feature sets evaluated in the classification and
clustering analyses. For multimodal combinations, n
denotes participants with available data for all included
modalities.

B Self-Report Instrument Details

Five symptom scales were included in the
self-report feature block; MADRS is clinician-
administered. Composite scores per instrument
were used rather than item-level features to reduce
dimensionality and overfitting risk given n = 103.

• ASRS (Adult ADHD Self-Report Scale, 18
items; score 0–72): a validated screener for
adult ADHD symptoms (Brevik et al., 2020).

• WURS (Wender Utah Rating Scale, 25 items;
score 0–100): retrospective self-report of
childhood ADHD symptoms (Brevik et al.,
2020).

• MADRS (Montgomery-Åsberg Depression
Rating Scale, 10 items; score 0–60): clinician-
administered depression severity scale, in-
cluded to capture mood-related comorbidity
in the control group.

• HADS-A (Hospital Anxiety and Depression
Scale — Anxiety, 7 items; score 0–21): mea-
sures anxiety symptom severity.

• HADS-D (Hospital Anxiety and Depression
Scale — Depression, 7 items; score 0–21):
measures depression symptom severity.

The ASRS and WURS carry the primary ADHD-
specific diagnostic signal, whereas MADRS,
HADS-A, and HADS-D capture depressive and

anxiety symptom burden that partially distin-
guishes ADHD from anxiety and mood disorders
in the psychiatric control group.

C Common-Sample Robustness Analysis

Table 8 reports the full common complete-case
sample results with all metrics. Table 9 reports
the paired AUC differences against the CPT-II +
self-report reference block, and Table 10 reports
the nested-CV model-selection variance underlying
these estimates.

Block n AUC (SD) bAcc F1 LR %

CPT only 64 0.784 0.125 0.703 0.697 92
Self only 64 0.799 0.128 0.726 0.733 80
HRV only 64 0.385 0.177 0.382 0.409 8
Act. only 64 0.494 0.151 0.529 0.508 32
CPT + Self 64 0.807 0.132 0.721 0.715 84
CPT + HRV 64 0.724 0.149 0.665 0.662 68
CPT + Act. 64 0.720 0.127 0.645 0.646 52
CPT+HRV+Self 64 0.786 0.131 0.705 0.702 88
All-modality 64 0.754 0.127 0.667 0.675 56

Table 8: Common complete-case sample results, all
metrics (5×5 repeated nested CV; mean over 25 paired
folds). bAcc = balanced accuracy; LR % = share of
folds where LR was the nested-CV-selected model. Self
= self-report; Act. = actigraphy.

Block ∆AUC SD Fold Range

CPT only −0.023 0.081 [−0.178, 0.124]
Self only −0.009 0.122 [−0.262, 0.152]
HRV only −0.422 0.207 [−0.774, −0.036]∗

Act. only −0.313 0.195 [−0.667, −0.062]∗

CPT + HRV −0.083 0.117 [−0.307, 0.100]
CPT + Act. −0.088 0.142 [−0.372, 0.129]
CPT+HRV+Self −0.021 0.054 [−0.125, 0.067]
All-modality −0.053 0.100 [−0.244, 0.102]

Table 9: Paired AUC differences (compared block −
CPT + self-report), computed over 25 paired folds on the
common complete-case sample (n = 64). ∗ Fold range
excludes zero. Self = self-report; Act. = actigraphy.

D Full Binary Classification Results

Table 11 reports binary (ADHD vs. non-ADHD)
classification performance for all four classifiers
(LR, RF, XGBoost, LightGBM) across all nine
modality blocks, extending the single-block com-
parison in Table 2. LR achieves the highest AUC
on 7 of 9 blocks and is competitive with the best
tree-based model on the remaining two (CPT-II
alone: XGBoost 0.83 vs. LR 0.81; CPT-II + Activ-
ity: RF 0.78 vs. LR 0.73), supporting the choice
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Block Model AUC SD Count

CPT LR 0.788 0.126 23
LGBM 0.738 0.135 2

Self LR 0.818 0.119 20
RF 0.720 0.147 5

Act.

XGB 0.546 0.154 12
LR 0.438 0.164 8
RF 0.494 0.143 2
LGBM 0.437 0.084 3

HRV

LGBM 0.478 0.140 14
RF 0.313 0.098 6
XGB 0.271 0.224 3
LR 0.121 0.132 2

CPT + Self LR 0.832 0.120 21
XGB 0.639 0.196 2

CPT + Act.
LR 0.726 0.106 13
RF 0.736 0.123 7
LGBM 0.651 0.211 4

CPT + HRV
LR 0.773 0.120 17
RF 0.700 0.116 5
LGBM 0.485 0.129 3

CPT+HRV+Self LR 0.809 0.107 22

All-modality
LR 0.767 0.112 14
XGB 0.716 0.172 6
RF 0.801 0.111 4

Table 10: Nested-CV model-selection variance by block:
AUC and SD for models selected in ≥2 of the 25
paired folds; singleton selections (count = 1) omitted
for space. Count sums to fewer than 25 where single-
tons are dropped. Self = self-report; Act. = actigraphy.

of LR as the reference classifier for the modality
ablation in Table 3.

E Full Three-Way Classification Results

Table 12 reports three-way (ADD vs. non-
inattentive ADHD vs. non-ADHD clinical controls)
classification performance for all modality blocks.

The best combination (All, LR) achieved non-
inattentive ADHD recall = 0.667 and non-ADHD
clinical-control recall = 0.710. The persistent inat-
tentive ADHD recall gap across modality blocks
indicates that the inattentive ADHD class is diffi-
cult to identify from the available feature spaces.

Table 13 shows per-class performance for the
best-performing model. The inattentive ADHD
group is the hardest class to separate (F1=0.51),
consistent with the recall gap noted above; the
two other classes are recovered comparably well
(F1≈0.70).

Block Model n AUC F1

CPT

Maj. 97 0.50 0.68
LR 97 0.81 0.72
RF 97 0.81 0.74
XGB 97 0.83 0.71
LGBM 97 0.81 0.73

Self

Maj. 103 0.50 0.00
LR 103 0.84 0.75
RF 103 0.82 0.78
XGB 103 0.79 0.72
LGBM 103 0.82 0.76

HRV

Maj. 80 0.50 0.00
LR 80 0.43 0.35
RF 80 0.41 0.39
XGB 80 0.39 0.35
LGBM 80 0.39 0.30

Act

Maj. 85 0.50 0.69
LR 85 0.59 0.60
RF 85 0.41 0.45
XGB 85 0.39 0.40
LGBM 85 0.43 0.49

CPT + Self

Maj. 97 0.50 0.68
LR 97 0.91 0.79
RF 97 0.84 0.74
XGB 97 0.86 0.78
LGBM 97 0.87 0.78

CPT + Act

Maj. 79 0.50 0.71
LR 79 0.73 0.68
RF 79 0.78 0.67
XGB 79 0.74 0.71
LGBM 79 0.74 0.70

CPT + HRV

Maj. 75 0.50 0.00
LR 75 0.79 0.71
RF 75 0.74 0.68
XGB 75 0.70 0.60
LGBM 75 0.70 0.65

CPT + HRV + Self

Maj. 75 0.50 0.00
LR 75 0.84 0.73
RF 75 0.74 0.68
XGB 75 0.71 0.65
LGBM 75 0.73 0.70

All-modality

Maj. 64 0.50 0.68
LR 64 0.77 0.66
RF 64 0.71 0.71
XGB 64 0.75 0.66
LGBM 64 0.71 0.66

Table 11: Binary classification results (AUC, F1) for
all four classifiers on every modality block. Maj. =
majority-class baseline. Bold marks the highest AUC
within each block. LR is the highest- or near-highest-
AUC classifier on 7 of 9 blocks and is used as the refer-
ence classifier for the modality ablation in Table 3.
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Block Mdl n mF1 mAUC recall

CPT LGBM 97 0.517 0.668 0.304
Self LR 103 0.628 0.777 0.478
HRV XGB 80 0.294 0.458 0.143
Act LR 85 0.438 0.599 0.435
CPT+Self LR 97 0.580 0.837 0.348
CPT+HRV XGB 75 0.486 0.655 0.238
CPT+ACT LGBM 79 0.513 0.717 0.478
CPT+HRV+Self RF 75 0.546 0.695 0.333
All-modality LR 64 0.630 0.758 0.524

Table 12: Three-way classification results (5-fold CV).
mF1 = macro-F1; mAUC = macro-AUC (OvR); recall
= ADD recall. Best per column in bold. All = all-
modality; Self = self-report only; Act = activity only;
HRV = HRV only.

Class Prec. Rec. F1 n

Non-ADHD clinical control 0.71 0.71 0.71 31
non-inattentive ADHD 0.73 0.67 0.70 12
inattentive ADHD 0.50 0.52 0.51 21

Macro avg 0.65 0.63 0.64 64
Wtd. avg 0.64 0.64 0.64 64

Table 13: Per-class results, best three-way model (all
modalities / LR, n = 64). Wtd. = weighted. Macro
averages are computed on pooled predictions; Table 5
reports fold-averaged macro-F1 (0.630).

F CPT-II Feature-Level Discrimination

Table 14 reports Mann-Whitney U tests with rank-
biserial effect sizes (rrb) and Benjamini-Hochberg
FDR-corrected p-values (Benjamini and Hochberg,
1995) for all 12 raw CPT-II features (ADHD n =
50 vs. non-ADHD n = 47). Feature names omit
the “Raw Score” prefix. Direction (↑/↓) indicates
the higher group.

Eight of twelve features show significant group
separation after FDR correction. The observed
pattern of higher omission errors, commission er-
rors, and response variability, alongside lower d′,
is consistent with patterns reported in prior ADHD
studies (Huang-Pollock et al., 2012; Fasmer et al.,
2016). HitRT does not survive correction.

G CPT-II Clustering: Multi-Scope
Analysis

To determine whether clustering reflects inter-
group discrimination or intra-group heterogeneity,
we applied K-Means across three scopes: full co-
hort, ADHD-only, and non-ADHD clinical-control-
only.

The cluster × ADHD association can only be
tested in the full cohort, because the diagnosis label

Feature rrb praw pfdr Dir.

Omissions 0.483 <0.001 0.0002 ↑∗∗
Commissions 0.463 <0.001 0.0003 ↑∗∗
HitSE 0.420 0.0004 0.0008 ↑∗∗
VarSE 0.546 <0.001 <0.001 ↑∗∗
D-Prime −0.417 0.0004 0.0008 ↓∗∗
Beta 0.278 0.0184 0.0276 ↑∗
Perseverations 0.509 <0.001 <0.001 ↑∗∗
HitRTIsi 0.377 0.0014 0.0024 ↑∗∗
HitRT −0.147 0.2131 0.2557 ↓
HitRTBlock 0.125 0.2903 0.3167 ↑
HitSEBlock 0.201 0.0891 0.1189 ↑
HitSEIsi 0.074 0.5324 0.5324 ↑

Table 14: CPT-II feature discrimination (Mann-Whitney
U , n = 97). ∗pfdr<0.05, ∗∗pfdr<0.01.

Scope n k Sil. ARI χ2-p

All 97 4 0.236 0.050 0.009∗∗

ADHD only 50 3 0.353 n/a n/a
Non-ADHD only 47 3 0.162 n/a n/a

Table 15: CPT-II K-Means at three scopes. ARI against
binary ADHD label; χ2-p tests cluster × diagnosis in-
dependence.

is constant within the other two scopes. Within the
ADHD-only sample, clustering produced a higher
Silhouette score (0.353) than in the non-ADHD
sample (0.162). This indicates stronger internal
separation in the selected ADHD feature space,
but it does not establish that the clusters distinguish
inattentive from non-inattentive ADHD. The binary
diagnosis label is constant within the ADHD-only
sample, so ARI and chi-square tests against that
label cannot evaluate presentation-level alignment.

H CPT-II Four-Cluster Cognitive Profiles

Table 16 describes the four clusters recovered by
K-Means (k = 4, n = 97) on CPT-II T-score
profiles. T>70 indicates clear impairment (≥2
SD above the normative mean of 50). The pro-
files range from near-normative performance (C0)
through mixed error patterns (C1) to increasingly
omission-dominant profiles (C2, C3).

The gradient runs from near-normative profiles
(C0) through a mixed impulsive-inattentive pattern
(C1) to omission-dominant profiles (C2, C3). C3
is a micro-cluster (n = 3), exclusively ADHD,
with omission T-scores nearly five SD above the
normative mean.

External validation. Kruskal-Wallis tests pro-
vide additional evidence of differences across
the CPT-II clusters: ASRS differed significantly

67



Cluster n %ADHD Comm. Omit. Profile

C0 65 40% 53.3 50.3 Low impair.
C1 24 71% 65.8 80.5 Mixed
C2 5 80% 45.0 92.6 Omit. dom.
C3 3 100% 64.0 98.7 Severe Omit.

Table 16: CPT-II four-cluster T-score profiles (k =
4, n = 97). Comm. = commission errors; Omit. =
omission errors; Omit. dom. = Omission-dominant;
Severe Omit. = Severe omission-dominant. %ADHD =
proportion of the cluster with an ADHD diagnosis.

(p = 0.003; means C0=37.1, C1=48.2, C2=34.2,
C3=52.0) and WURS differed significantly (p =
0.008; C0=37.5, C1=50.7, C2=31.2, C3=69.0).
MADRS did not differ (p = 0.216), providing
limited evidence that the cluster structure is more
closely related to ADHD symptom measures than
to the measured depressive symptom burden.

I Per-Modality Clustering Validation

Table 17 summarizes clustering quality and statisti-
cal validation across all seven modality configura-
tions.

Modality k Sil. DB ARI χ2-p

CPT 4 0.236 1.367 0.050 0.009
Self 4 0.237 1.262 0.186 <0.001
HRV 3 0.309 1.111 −0.008 0.724
Activity 5 0.135 1.718 −0.005 0.611
CPT+Self 3 0.161 1.762 0.100 0.0002
CPT+HRV+Self 4 0.129 1.715 0.095 0.001
All-modality 3 0.103 2.175 −0.013 0.226

Table 17: Per-modality clustering summary. Sil. = Sil-
houette (higher better); DB = Davies-Bouldin (lower
better); ARI against binary ADHD label; χ2-p = cluster
× diagnosis test.

Two key observations: (1) HRV achieves
the highest silhouette (0.309) but near-zero ARI
(−0.008) and non-significant χ2 (p = 0.724) - ge-
ometrically compact but diagnostically uninforma-
tive clusters. (2) The full modality model achieves
the lowest silhouette (0.103) and non-significant
alignment (p = 0.226), indicating weak cluster
structure and diagnostic alignment.

J Cluster Alignment with Binary and
Three-Group Diagnostic Labels

Table 18 compares each modality’s cluster assign-
ments against binary ADHD diagnosis (ARI-Dx)
and the three-group presentation reference (ARI-
3G). A positive ∆ means the clusters agree slightly

more with the three-group labels than with the bi-
nary label. Because all ARI values are near zero,
we do not interpret ∆ as evidence of finer-grained
structure.

Modality k Sil. ARI-Dx ARI-3G ∆

Self 4 0.237 0.186 0.005 −0.181
HRV 3 0.309 −0.008 0.069 +0.078
Activity 5 0.135 −0.005 0.008 +0.013
CPT+Self 3 0.161 0.100 0.142 +0.043
All-modality 3 0.103 −0.013 0.042 +0.054

Table 18: ARI vs. binary diagnosis (ARI-Dx) and three-
group clinical reference (ARI-3G). ∆ = ARI-3G − ARI-
Dx.

Of the five configurations in Table 18, all ex-
cept self-report have ARI-3G slightly above ARI-
Dx (∆ = +0.013 to +0.078), but all ARI-3G val-
ues (0.005–0.142) indicate little agreement with
either label set. Self-report shows the opposite pat-
tern (ARI-Dx = 0.186, ARI-3G = 0.005), which is
consistent with it separating ADHD from controls
overall rather than inattentive from non-inattentive
ADHD.

K Comorbidity Composition of the
Control Group

Comorbidities n

0 2
1 16
2 17
3 15

4+ 2

Table 19: Comorbidity count distribution for non-
ADHD clinical controls (n = 52). Conditions include
anxiety, bipolar disorder, unipolar depression, and sub-
stance use disorder.

Table 19 summarizes comorbidity load among
the 52 non-ADHD control participants. Only 2
participants (3.8%) carry zero comorbid diagnoses.

This distribution provides context for interpret-
ing the difficulty of physiological classification:
autonomic and circadian dysregulation associated
with anxiety (reduced HRV), depression (disrupted
circadian rhythms), and bipolar disorder overlaps
substantially with the HRV and actigraphy sig-
natures of ADHD. The near-chance performance
of HRV-only (AUC=0.429) and actigraphy-only
(AUC=0.594) classifiers may reflect shared physio-
logical patterns across conditions rather than a lack
of signal in these modalities.
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