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Figure 1: The workflow for analyzing primary school report text for ADHD diagnosis supported by the Human-AI Collaboration
System: (1-3) Patient data entry and document upload with OCR extraction; (4-6) Side-by-side review with evidence highlighting
and editable item ratings from the validated ADHD ZEBRA instrument; (7-9) Results showing the indication of ADHD diagnosis,
computed symptom and competency scores, AI-generated summary, and PDF export.
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Abstract
Diagnosing ADHD in adolescents and adults requires evidence of
childhood symptoms, yet retrospective recall is prone to memory
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bias. German primary school reports contain detailed narrative
teacher assessments of academic and social behavior, providing
contemporaneous observations. However, systematic and detailed
analysis of these free-text narratives is too time-consuming for
routine care. We present a Human–AI collaboration system that
augments the existing validated paper-based ADHD ZEBRA di-
agnosis instrument for school reports, shown in Figure 1 by (1-3)
extracting text from scanned reports, (4-6) proposing criterion-level
symptom and competency ratings with linked evidence excerpts,
and (7-9) generating summary scores and documentation-ready
report segments after clinician verification. A formative evaluation
with clinicians (𝑛 = 3) identified adoption prerequisites: evidence
provenance, rule-conform instrument use, and outputs supporting
clinical documentation and patient communication. Participants
also described case-contingent automation needs, motivating adap-
tive interaction modes from rapid screening to full review. These
findings suggest that human-AI collaboration systems in mental
health assessment should prioritize auditability and clinician agency
over automation.
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• Human-centered computing → User studies; Collaborative
interaction.
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1 Introduction
Attention-Deficit/Hyperactivity Disorder (ADHD) is a lifelong con-
dition affecting approximately 2.5% of adults worldwide [4]. Many
individuals diagnosed in childhood continue to meet diagnostic
criteria in adulthood (up to 70%), and timely diagnosis can enable
access to effective interventions and accommodations [4]. Despite
increasing awareness and available support [3, 13, 14], identifying
ADHD in adolescents and adults remains challenging in everyday
clinical practice. A core difficulty is the required retrospective con-
firmation that ADHD symptoms were already present in childhood
[5]. In practice, clinicians often rely on self-report and caregiver
recall. However, these accounts are vulnerable to memory decay
and bias [1, 9]. Primary school reports, which include free-text
information, offer a complementary source of evidence: they are
contemporaneous, written observations by educational profession-
als across academic and social contexts [16]. A particular challenge
is that German school reports employ Zeugnissprache—a formu-
laic, euphemistic register in which criticism is expressed indirectly
(e.g., “tries hard” to signal underperformance, “not always” to in-
dicate inconsistency)—requiring contextual interpretation beyond
simple keyword matching. Waltereit et al. proposed and validated

the ADHD ZEBRA instrument, which maps free-text school report
statements to ADHD symptom criteria and adaptive competencies
and provides validated scoring cut-offs [16]. Despite its validity,
the paper-based workflow remains labor-intensive (often 15–30
minutes per school report), limiting adoption under tight clinical
schedules.

We present a web-based human–AI collaboration system that
augments ADHD ZEBRA analysis while preserving clinician ac-
countability. The system (1) extracts text from scanned school re-
ports via OCR, (2) proposes criterion-level ratings for symptoms
and competencies with linked evidence excerpts, and (3) computes
ADHDZEBRA summary scores and compares them to validated cut-
offs after clinician verification. Rather than aiming for automated
diagnosis, our design treats model outputs as draft suggestions that
must remain auditable, editable, and traceable to source text. Sys-
tem requirements were derived from interviews with healthcare
professionals who regularly use ADHD ZEBRA (𝑛 = 2). We report a
formative evaluation with licensed clinicians (𝑛 = 3) using remote
think-aloud sessions to surface adoption prerequisites and work-
flow requirements for retrospective assessment from school-report
text. With our work, we contribute:

(1) A system that transforms the paper-based ADHD ZEBRA
instrument [16] into an interactive human-AI collaboration
workflow, featuring AI-generated initial ratings for ADHD
symptoms and adaptive competencies that clinicians ver-
ify, after which the system calculates summary scores and
compares them against validated cut-off thresholds.

(2) Formative findings identifying requirements for (a) evidence
provenance and verification, (b) enforcement of instrument
integrity constraints during interaction, and (c) integration
with clinical documentation practices.

(3) Design implications for adaptive interaction modes (quick
screening vs. criterion-by-criterion review) that prioritize
auditability and clinician agency over automation in mental
health assessment support tools.

2 Related Work
Existing research in AI-based diagnosis of ADHD has largely fo-
cused on detection and assessment via biomarkers or behavioral
sensing [6, 15, 19]. In HCI, prior work has also explored interac-
tive and wearable systems for measuring ADHD-related behavior
[8]. Our work targets a different and comparatively underexplored
clinical bottleneck: retrospective evidence gathering from archival
documents during adolescent/adult diagnostic workups. Diagnos-
tic guidelines require evidence that core ADHD symptoms were
present in childhood [5], yet retrospective self-report and care-
giver recall are vulnerable to memory bias [1, 9]. Primary school re-
ports provide contemporaneous observations and are recommended
when available [10]. Waltereit et al. validated the ADHD ZEBRA
instrument for systematically mapping school-report text to ADHD
symptom criteria and adaptive competencies with validated cut-
offs, but the manual workflow remains time-consuming for routine
practice [16]. Research on clinical decision support emphasizes
that adoption depends on workflow integration and on enabling
clinicians to interrogate and correct outputs while maintaining
clear accountability [2]. Complementary HCI work suggests that
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eliciting concrete supporting evidence can improve the quality of
judgments by reducing biased, availability-driven reasoning [18].
These insights motivate our design focus on evidence-linked sug-
gestions, rule-aware interaction that preserves instrument validity,
and documentation-ready outputs for retrospective assessment.

3 Designing a Human–AI Collaborative System
for Primary School Report Analysis

3.1 The Paper-Based ADHD ZEBRA Instrument
Our system builds on the ADHD ZEBRA, a validated instrument
for retrospective ADHD assessment from German primary school
reports [16]. ADHD ZEBRA operationalizes ICD-10/DSM-5-aligned
symptom criteria by systematically mapping teacher-written school
report statements to criterion-level indicators. The instrument uses
a dual-scale rating approach: a symptom scale with three levels (0
= criterion not mentioned, 1 = subclinical expression, 2 = clinical
expression) and a competency scale (binary) capturing adaptive
competencies described in the reports. Clinicians assign ratings
per criterion based on evidence excerpts from the report text and
compute summary scores that are compared against validated cut-
offs [16].

3.2 User Journey and Design Requirements
To understand how the ADHD ZEBRA instrument is currently used
and embedded in ADHD diagnosis, we interviewed two mental
health professionals who regularly analyze primary school reports
using the instrument. These interviews were exploratory in scope,
aimed at establishing initial design requirements for prototyping
rather than a comprehensive needs analysis, but both interviewees
had direct, regular experience with ADHD ZEBRA. From these
interviews, we developed the user journey shown in Figure 2.

From the user journey, we derive the following requirements for
an AI-augmented ADHD ZEBRA workflow: (1) The system should

support scanned and heterogeneous school reports via OCR and en-
able clinicians to inspect and correct extracted text. (2) The system
should reduce manual mapping effort by proposing criterion-level
draft ratings together with explicit links to candidate supporting
excerpts in the original report. (3) The system should generate
documentation-ready text segments that summarize findings in a
structured way, explicitly reflecting both symptom-related evidence
and adaptive competencies. (4) The system should provide fine-
grained controls to verify, edit, and override AI proposals (ratings
and evidence), and to complete the assessment in a rule-conform
way before scores and report segments are finalized.

3.3 The Human-AI Collaboration System
enabling AI-Augmented ADHD ZEBRA

These requirements motivate a Human–AI collaboration approach
in which the system supports drafting and the clinician remains the
final decision-maker: the AI proposes ratings and evidence excerpts,
clinicians verify and adjust them, and results (scores and report
segments) are produced only after verification.

Workflow.We implemented this approach as a web application
with a three-step workflow (Fig. 1).

• Step 1: Patient & Document. Clinicians enter patient meta-
data and upload primary school reports as PDF/image files.
The system performs OCR to extract text and displays it for
review and correction.

• Step 2: Review & Analysis (drafting + verification). The in-
terface presents a side-by-side view with the school report
text on the left and the ADHD ZEBRA criteria on the right.
For each criterion, the system displays (a) the criterion de-
scription, (b) a draft rating suggestion (symptom scale: 0/1/2;
competency scale: 0/1), and (c) one or more candidate evi-
dence excerpts linked to highlighted spans in the report text.
Clinicians can validate and modify both the proposed ratings
and the linked evidence excerpts.

Figure 2: User journey based on interviews with healthcare professionals (𝑛=2).



CHI EA ’26, April 13–17, 2026, Barcelona, Spain Kuhlmeier et al.

• Step 3: Results and report segments. After verification, the
system computes the symptom, competency, and combined
scores and compares them against validated cut-offs [16]. It
then generates editable report segments organized by diag-
nostic domain that summarize findings based on symptoms
and competencies, retaining traceability to criterion-level
evidence excerpts. Finally, clinicians can export a PDF report
for clinical documentation and communication.

Model Evaluation. Because primary school reports constitute
sensitive personal data, data protection requirements restricted us
to open-weight models hosted on-premise.

We used the ADHD ZEBRA dataset from Waltereit et al. [16]
(300 students; 890 report segments; 19,590 criterion-level labels).
Ground-truth ratings were produced by two experienced clinician
raters blind to diagnostic status, with high inter-rater reliability
(average weighted Cohen’s 𝜅 = 0.90).

We compared four model approaches: a fine-tuned German en-
coder (TiME-de-xs, 22M parameters) [12] and three LLMs (Qwen 2.5
235B [17], GPT-OSS 120B [11], Mixtral 8x22B [7]). The dataset ex-
hibits severe class imbalance (Table 1). We therefore treat Macro F1
as the primary metric.

Table 1: Class distribution of the symptom scale in the evalu-
ation dataset.

Class Count %

0 (No symptom) 15,914 81.2%
1 (Mild) 1,636 8.4%
2 (Severe) 2,040 10.4%

The encoderwas fine-tunedwith focal loss and inverse-frequency
class weighting to address this imbalance (details in Appendix). Ta-
ble 2 summarizes performance. The encoder achieves the highest
accuracy (82.2%) and recall for severe symptoms (55.5%), making it
suitable when detection sensitivity is prioritized. Qwen 2.5 leads in
Macro F1 (0.558) and Cohen’s 𝜅 (0.536), indicating the best overall
calibration across classes. Notably, the encoder shows near-zero
F1 for mild symptoms, consistently misclassifying them as absent
or severe, which limits its suitability for screening or monitoring
cases where subtle indications matter.

Table 2: Model performance comparison on ADHD ZEBRA
criterion classification. Best values per metric shown in bold.
Rec/Prec refer to severe-symptom class.

Model Acc. Macro F1 Rec.sev Prec.sev 𝜅

Qwen 2.5 (235B) 71.1% 0.558 50.1% 61.9% 0.536
GPT-OSS 120B 79.7% 0.521 25.0% 76.7% 0.504
Mixtral 8x22B 69.4% 0.508 36.2% 60.5% 0.470
Encoder (local) 82.2% 0.472 55.5% 47.0% 0.454

4 Formative Evaluation
4.1 Methodology
We conducted a formative qualitative evaluation of theAI-augmented
ADHD ZEBRA prototype to understand implications for integrat-
ing it into the routine ADHD diagnostic workflow. We used semi-
structured, remote think-aloud sessions focused on interpretabil-
ity, workflow fit, and clinical usefulness. The study received IRB
approval. We interviewed three licensed clinicians involved in out-
patient ADHD diagnostic workups (𝑛 = 3), intentionally sampling
across roles and prior familiarity with ADHD ZEBRA. P1 (licensed
psychotherapist) and P3 (psychiatrist) had no prior ADHD ZEBRA
experience; P2 (licensed psychotherapist and academic researcher)
reported frequent ADHD ZEBRA use. Session durations were 36:36,
1:09:00, and 32:49. Each session followed the end-to-end workflow
supported by the prototype using mock patient information and an
example primary school report: participants uploaded a report (in-
cluding OCR review), triggered AI pre-filling, inspected and edited
criterion ratings and linked evidence excerpts, reviewed computed
summary scores against validated cut-offs, and exported a PDF
report. Sessions concluded with reflective questions about trust,
accountability, and expected integration into routine practice. The
interviews were conducted by two researchers. One researcher
then coded the transcripts, iteratively refined codes, merged them
into themes and discussed uncertainties with the second researcher
until consensus was reached.

4.2 Findings and Design Implications
We derived themes through inductive thematic analysis and report
the main themes from the interviews. Participants noted substantial
variation in how primary school reports are handled in routine
ADHD diagnosis, from rapid skimming to systematic analysis. This
variation shaped expectations of AI-based assistance under time
constraints:

We’re very tightly scheduled . . . I don’t know where I’d
find 20 minutes per patient on top. (P1)

Importantly, the preferred degree of automationwas case-contingent:

It depends on the individual case as some are straight-
forward and others aren’t. (P2)

Therefore, in straightforward cases, higher levels of automation
were seen as acceptable, whereas in complex or ambiguous cases the
Human–AI collaboration aspects became more important. Three
themes informed design implications.

Evidence provenance, transparency, and verification. Par-
ticipants valued traceability from suggested ratings to source text;
for example, P3 pointed to hover-based evidence highlighting as
helpful. However, provenance was only useful when paired with
efficient verification and correction. In this sense, trust meant the
ability to verify, correct, and document suggestions within the in-
terface. P1 and P3, who had no prior ADHD ZEBRA experience,
indicated a need for plain-language framing of what the outputs
represent (e.g., where criterion definitions and cut-offs come from,
how scores are computed, and what the system cannot conclude).

Instrument integrity: supporting rule-conform use under
AI assistance. Participants highlighted risks of instrument-rule
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violations when draft outputs are accepted uncritically, such as
assigning the same excerpt to multiple criteria:

The same sentence is used for two different criteria. (P2)
This motivates interaction support that surfaces incomplete or
inconsistent states during editing (e.g., missing evidence for a non-
zero rating) and helps clinicians resolve them before results are final-
ized. Participants further noted that some criteria can be grounded
more directly in observable classroom behavior than others, sug-
gesting that the interface should help prioritize attention toward
criteria that are more ambiguous and likely to require verification.

Workflow integration: adaptive interaction depth and
documentation-ready outputs. Because acceptable automation
depends on case complexity, a fixed interaction depth is unlikely
to fit routine practice. Participants’ accounts motivated two com-
plementary interaction modes: a Quick-Assessment mode for rapid
review of summary scores and key evidence excerpts when cases are
straightforward, and a Full-Review mode for criterion-by-criterion
verification and evidence editing when cases are complex or con-
tested. This motivates a Prioritized-Review sub-mode within Full-
Review that shows only criteria where model certainty falls be-
low a threshold, limiting clinician review to items the model is
insufficiently confident about while accepting higher-confidence
suggestions automatically. Participants also discussed retrospec-
tive assessment as a team process in which delegated staff might
prepare drafts and clinicians review and sign off, increasing the
importance of traceability and clear responsibility markers. Finally,
participants emphasized the PDF export as a key operational de-
liverable for routine care (P3), both for documentation and com-
munication with patients and caregivers. Generated text should
therefore follow clinical writing conventions and remain defensible
(e.g., indirect/subjunctive phrasing rather than verbatim quotation,
as noted by P1).

5 Discussion
Our formative findings suggest that effective AI augmentation for
retrospective ADHD assessment from archival school reports is
less about maximizing automation and more about supporting case-
contingent workflows. When cases are straightforward, clinicians
may accept higher automation (e.g., rapid pre-filling with mini-
mal edits). When cases are complex, ambiguous, or contested, the
value shifts toward Human–AI collaboration features that preserve
clinician agency: evidence provenance (ratings linked to excerpts),
efficient verification and correction, and interaction support that
helps complete a rule-conform ADHD ZEBRA assessment. This
aligns with prior HCI work showing that clinical decision support is
adopted when it fits workflows and supports accountability rather
than replacing judgment [2]. It also resonates with evidence-based
prompting findings: interfaces that foreground concrete evidence
can shift reasoning toward more reflective, less bias-prone judg-
ments [18]. A second implication is that instrument integrity and
documentation should be treated as important design goals. Be-
cause the ADHD ZEBRA is a validated instrument with scoring
rules and cut-offs [16], AI drafting must not only propose ratings
but also support rule-conform evidence assignment and defensible
exports. In our setting, school reports contain sensitive personal
data, which constrains practical deployments toward on-premise

processing. This further motivates interaction designs that compen-
sate for remaining model limitations through verification-centric
UI patterns, explicit unresolved states, and documentation-ready
report segments grounded in symptoms and competencies. The
encoder’s near-zero performance on mild symptoms (Class 1) is
particularly consequential for this design challenge: missed mild
indicators may go unnoticed if clinicians over-rely on AI pre-filling,
while a high rate of false negatives could erode trust over time.
The Full-Review mode, which requires criterion-by-criterion ver-
ification with explicit evidence links, is designed to mitigate this
risk; however, the resulting cognitive overhead—especially in com-
plex cases where mild signals are most relevant—warrants targeted
investigation in future evaluations.

5.1 Limitations
First, the proposed system is a prototype and the presented evalua-
tion is formative. We conducted remote think-aloud sessions with
𝑛 = 3 clinicians and focused on workflow requirements rather than
diagnostic accuracy or time savings. The prototype was evaluated
with example materials rather than a longitudinal deployment in-
tegrated into clinic IT systems. Second, the approach is currently
tailored to German primary school reports and their characteristic
Zeugnissprache. The ADHD ZEBRA instrument itself is specific to
Germany. Adaptation to other educational systems or languages
would require retraining models on new data and localizing prompt
design; however, the underlying human-AI workflow—OCR, AI-
drafted criterion ratings, and clinician verification—is language-
agnostic in principle and may generalize given appropriate data.
Third, in routine care, differential diagnosis is often the key ques-
tion. However, our current system is limited to ADHD. Extending
the approach to support structured analysis of signals relevant to
common differential diagnoses remains future work. Finally, model
performance remains limited, reinforcing that outputs should be
treated as suggestions requiring clinician verification.

5.2 Next Steps
Next, we will implement adaptive interaction modes that reflect
case-contingent automation: a Quick-Assessment mode for rapid
triage using summary scores and key evidence, a Full-Review mode
for criterion-by-criterion verification and rule-conform editing, and
a Prioritized-Review mode that surfaces only criteria where model
certainty falls below a configurable threshold for clinician review.
To improve model performance, we will explore combining predic-
tions from multiple models and multi-agent workflows in which
one model proposes ratings and another critiques them before pre-
senting results to the clinician. We will also expand the dataset with
additional school reports to improve performance on rare criteria
and mild symptoms, where current training data is sparse. We will
then conduct a larger evaluation study with clinicians involved in
diagnosing ADHD to assess workflow fit and perceived usefulness
at scale, and to quantify efficiency and inter-rater agreement rela-
tive to the paper-based ADHD ZEBRA procedure and our prototype
without AI-augmentation. We will also evaluate role-based dele-
gation workflows in which clinical assistants prepare the primary
school report analysis that the clinician in charge of the diagnostic
procedure then reviews.
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