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Abstract

We provide an overview of the CLPsych 2026
Shared Task, which focuses on capturing and
characterizing mental health dynamics from so-
cial media timelines through structured model-
ing of self-states. This year advances the longi-
tudinal paradigm set by prior CLPsych shared
tasks (2022, 2025), by integrating fine-grained
psychological representation using the MIND
framework. The task is organized into three
main components: (1) post-level identification
of adaptive and maladaptive self-states through
ABCD elements and sub-elements, along with
estimation of their presence; (2) timeline-level
detection of Moments of Change, including
both abrupt switches and gradual escalations
based on ABCd element and sub-element com-
binations; and (3) sequence-level modeling, in-
volving summarization of change processes
over time and identification of recurrent dy-
namic signatures.

1 Introduction

Computational linguistics and clinical psychology
have increasingly converged to study how language
reflects mental health, psychological functioning,
and change over time (Montejo-Ráez et al., 2024;
Villarreal-Zegarra et al., 2024; Hua et al., 2025).
Within this space, CLPsych has played a central
role by bringing together NLP researchers and men-
tal health experts to develop methods for model-
ing meaning, behavior, and psychological signals
in language (Calvo et al., 2017; Le Glaz et al.,
2021; Zirikly and Dredze, 2022). This collab-
oration has shifted the field from static risk de-
tection toward modeling mental health as a dy-
namic and longitudinal process (Tsakalidis et al.,
2022a; Tseriotou et al., 2025). Such an evolution
in perspective is crucial, as mental health unravels
through fluctuating affective, behavioral, cognitive,
and motivational processes shaped by context over

*Denotes equal contribution.

time (Owen et al., 2024; Bucur et al., 2026). So-
cial media provides a natural setting for observing
these dynamics through temporally ordered self-
disclosures of distress, coping, and interpersonal
experiences (Garg, 2023). CLPsych shared tasks
have reflected this progression. Early tasks focused
on user-level classification, while CLPsych 2022
introduced the longitudinal notion of Moments of
Change (MoC), distinguishing sudden switches
from gradual escalations (Tsakalidis et al., 2022a).
CLPsych 2025 extended this paradigm with an
emphasis on explainability through evidence ex-
traction and summarization of self-state processes
(Tseriotou et al., 2025). Building on this, CLPsych
2026 advances longitudinal modeling by focusing
on fine-grained psychological dynamics underly-
ing mental health changes (Figure 1). The task is
grounded in the MIND framework (Atzil-Slonim,
2025, 2026), which represents self-states as combi-
nations of Affect, Behavior, Cognition, and Desire
(ABCD), further decomposed into adaptive and
maladaptive sub-components pertaining to differ-
ent dimensions such as need and relation with self
and others. Mental health change is modeled as
shifts in the dominance and interaction of these
self-states over time.

The shared task comprises three complementary
components (Figure 2): (1) post-level modeling
of adaptive and maladaptive self-states, (2) longi-
tudinal detection of Moments of Change (MoC) ,
and (3) structured summarization of mental health
dynamics. The dataset consists of expert-annotated
Reddit timelines with self-state annotations, well-
being scores, and change labels. Together, the tasks
frame mental health modeling as structured, ex-
plainable, and longitudinal inference rather than
isolated classification (Tseriotou et al., 2025; Atzil-
Slonim, 2025, 2026). From a computational per-
spective, the shared task introduces challenges in
multi-label classification, temporal modeling, and
explainable summarization, while contributing to-
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Figure 1: Overview of the CLPsych 2026 Shared Task for modeling mental health changes from longitudinal
social media timelines. The framework is grounded in the MIND (ABCD) model and comprises three tasks:
(1) post-level self-state identification and presence rating, (2) detection of moments of change (switches and
escalations), and (3) longitudinal summarization of deterioration/improvement patterns. Systems are evaluated using
classification, regression, correlation, summarization, and human-centered metrics including Macro-F1, RMSE,
Spearman correlation, ROUGE recall, BERTScore recall, and evidence-based human judgments.

ward NLP systems that model mental health as dy-
namic and contextually grounded (Tsakalidis et al.,
2022a; Tseriotou et al., 2025).

2 Related Work

From classification to structured representation
of mental health dynamics: Early NLP work
framed mental health as document- or user-level
classification (Coppersmith et al., 2015; Shing
et al., 2018; Zirikly et al., 2019; Sawhney et al.,
2022b,a). Subsequent work shifted to longitudinal
monitoring of mood changes (Hills et al., 2023;
Tseriotou et al., 2024a) with a parallel line of
work focused on interpretability through symptom-
informed modeling (Nguyen et al., 2022), evidence-
based prediction (Parapar et al., 2023; Garg, 2024;
Chim et al., 2024), and explanation methods such
as SHAP (Lundberg and Lee, 2017). CLPsych
2026 combines these two directions by modeling in-
teracting self-state components in an interpretable
manner.
LLMs for structured reasoning in mental health:
LLMs enable flexible reasoning over mental health
narratives, supporting classification (Amin et al.,
2023), data augmentation (Liyanage et al., 2023),
contextual inference (Xu et al., 2024a; Yang et al.,

2023), and explanation (Xu et al., 2024b; Chim
et al., 2024). However, hallucinations and relia-
bility issues persist despite instruction tuning and
Chain-of-Thought prompting (Li et al., 2023). This
motivates structured, schema-constrained outputs,
as adopted in CLPsych 2026 via the ABCD self-
state framework and hybrid temporal modelling.

Grounding predictions in self-state evidence:
Evidence extraction improves interpretability (Xu
et al., 2024a; Yang et al., 2024; Xu et al., 2024c;
Chim et al., 2024), but typically identifies sup-
porting spans without linking them to structured
psychological constructs. CLPsych 2026 aims to
ground predictions in predefined ABCD compo-
nents and their composition into adaptive and mal-
adaptive self-states.

Structured summarization of change processes:
Summarization has been applied to social media
timelines (Sotudeh et al., 2022; Song et al., 2024,
2025), counseling (Srivastava et al., 2022), and
clinical dialogues (Michalopoulos et al., 2022; Ad-
hikary et al., 2024). However, capturing clinically
meaningful temporal and psychological dynamics
remains challenging (Klein et al., 2024; Asgari
et al., 2024). CLPsych 2026 aims to advance this by
requiring structured summaries of self-state config-
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Figure 2: Illustration of the CLPsych 2026 shared task pipeline for modeling mental health dynamics from
longitudinal social media timelines. The framework maps chronological posts to adaptive and maladaptive self-
states using the MIND (ABCD) model, followed by detection of moments of change (switches and escalations) and
sequence-level modeling of deterioration/improvement dynamics. Final system outputs include post-level self-state
predictions, temporal change detection, sequence summaries, and cross-timeline mental health signatures.

urations, their evolution, and their role in change.

Modeling temporal dynamics and moments of
change: Temporal modeling has progressed from
RNNs and more standard sequential methods (Tse-
riotou et al., 2023; Bayram and Benhiba, 2022;
Homan et al., 2022; Chim et al., 2025) to time-
aware approaches such as Hawkes process mod-
els (Hills et al., 2023), hierarchical transformers
(Hills et al., 2024), and temporally aware transform-
ers (Tseriotou et al., 2024b). These are shown to
improve detection of gradual and abrupt changes,
aligning with Moments of Change (Tsakalidis et al.,
2022a). CLPsych 2026 extends this line of work by
jointly modeling temporal dynamics (i.e. switches
and escalations) and structured self-state processes
(i.e. ABCD elements).

Self-State Modeling and the MIND Framework
for Dynamic Mental Health: Mental health
is increasingly viewed as a dynamic system of
interacting psychological components (Hofmann
and Hayes, 2019; Bickman, 2020). The MIND
framework (Atzil-Slonim, 2025, 2026) models this
through self-states composed of Affect, Behav-
ior, Cognition, and Desire (ABCD), where mental
health change reflects shifts in the dominance and
interaction of competing states over time (Stiles,
2001; Revelle, 2007; Bromberg, 2014; Beck et al.,

2021; Lazarus and Rafaeli, 2023). Most NLP
work models isolated components such as emo-
tion (Mayer et al., 2024) or cognition (Singh et al.,
2024), rather than their temporal interactions. Re-
cent CLPsych shared tasks have been bridging this
gap through longitudinal modeling of mental states
(Tsakalidis et al., 2022a; Tseriotou et al., 2025).

3 Task Definition and Instructions

Task 1.1: ABCD subelement identification and
self-state composition Given a post, participants
identify dominant adaptive and/or maladaptive
ABCD subelements and combine them into self-
state compositions. For each element: Affect (A),
Behavior toward others (B-O), Behavior toward
self (B-S), Cognition toward others (C-O), Cog-
nition toward self (C-S), and Desire (D), a single
dominant subelement is selected per valence. Posts
may contain adaptive, maladaptive, both, or no self-
states. Categorization in Appendix Table 10.
Task 1.2: Self-state presence rating Participants
estimate adaptive and maladaptive self-state pres-
ence on a 1–5 scale, reflecting psychological cen-
trality rather than lexical frequency. Both states
may score highly. Evaluated as a regression task.
Task 2: Identify Moments of Change (MoC)
Task 2 focuses on timeline-level detection of state
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changes. Given chronological post sequences,
participants identify Switches, defined as sudden
well-being changes of ≥ 2 between consecutive
posts (or the nearest prior post within one week),
and Escalations, defined as gradual intensification
across consecutive posts. Well-being scores follow
rescaled GAF criteria (1–10). Posts can denote
Switch, Escalation, both, or neither.
Task 3.1: Sequence-level summarization Given a
sequence surrounding a change event (e.g. Switch),
participants generate a structured summary describ-
ing the evolution of self-state dynamics. The exact
change point must be inferred. Summaries aim
to capture the main psychological theme, intra-
and inter-state dynamics, and, when applicable,
the change type (Switch/Escalation), direction, and
timing. Task 3.2: Cross-timeline dynamic sig-
natures Participants identify recurrent Signatures
of Deterioration and Signatures of Improvement
across timelines based on the MIND framework.
Each signature describes a recurring dynamic pat-
tern (within- or between self-states) and is sup-
ported by at least two sequences (with identifiers).
Individual task details can be found in Fig.2, while
Fig.1 provides an overview of the entire CLPsych
2026 shared task.

4 Data

The CLPsych 2026 dataset extends the 40 gold-
standard Reddit timelines from CLPsych 2025
(Tseriotou et al., 2025), originally derived from the
Reddit-New dataset introduced in CLPsych 2022
(Tsakalidis et al., 2022b). It contains 30 training
and 10 test timelines with post-level annotations
of adaptive/maladaptive ABCD subelements, well-
being scores, self-state presence scores, and MIND-
grounded summaries. For CLPsych 2026, 36 ad-
ditional posts were added to complete clinically
meaningful windows around Moments of Change
(MoC), including Escalation spans and pre-change
context. The dataset supports three levels of mod-
eling aligned with the shared tasks (Section 3; Ta-
ble 11): post-level self-state modeling (Task 1),
timeline-level MoC detection of Switches and Es-
calations (Task 2), and change-centered sequence
modeling and summarization (Task 3) (Details in
Appendix A.

5 Evaluation Metrics
Task 1.1: ABCD Classification: Element pres-
ence uses binary F1; subelements use multiclass F1,
macro-averaged into Adaptive/Maladaptive scores.

Score =
F1adapt+F1maladapt

2

Task 1.2: Presence Rating: We report MAE,
RMSE, QWK, and Spearman; ranking is based
on averaged RMSE (lower is better).

Score =
RMSEadapt+RMSEmaladapt

2

Task 2: Moments of Change: We compute F1 at
post-level (pooled) and timeline-level (macro over
timelines).

F1post =
F1post

S + F1post
E

2

F1tl =
1

2

(
1

T

T∑

t=1

F1
tl
S,t +
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T

T∑

t=1

F1
tl
E,t

)

Score =
F1post+F1tl

2

Task 3.1: Sequence Summarization: Evalu-
ate summaries (≤350 words) using: CS, CT,
BERTScore Recall, and ROUGE-L Recall.

CS =
1

|S|
∑

s∈S

1

|G|
∑

g∈G

(1 − NLI(Contr | g, s))

CT =
1

|S|
∑

s∈S

max
g∈G

NLI(Contr | g, s)

BS =
1

|G|
∑

g∈G

max
s∈S

BERTScore(g, s)

Task 3.2: Dynamic Signatures: Evaluate deterio-
ration/improvement signatures via human ratings
of Fit, Recurrence, and Specificity.

Score = 0.5 · Fit + 0.5 · HMean(Rec, Spec)

6 Codabench Submissions
Participants submitted JSON predictions via Cod-
abench for Tasks 1, 2, and 3.1 (max three sub-
missions), covering all test instances without raw
text. Codabench handled automatic evaluation and
leaderboard display. Task 3.2 was submitted by
email with deterioration and improvement signa-
tures and evaluated manually (Appendix C).

7 Teams & Results

Participating Teams: 39 teams (93 participants)
registered, with 26 having prior participation in
CLPsych shared tasks. Of these, 20 teams submit-
ted outputs for at least one task and 13 submitted
system papers (Table 12). Participation varied by
task: 17 teams for Tasks 1.1/1.2, 18 for Task 2, 13
for Task 3.1, and 9 for Task 3.2.

7.1 Baselines

We use Llama-3.1-8B-Instruct and
TempoFormer baselines; details are provided
in Appendix D. Most experiments with the Llama
models use zero-shot prompting and follow the
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prompt structures proposed by Chan et al. (2025)
and Lossio-Ventura et al. (2025).
Task 1: A one-shot structured prompting baseline
with Llama-3.1-8B-Instruct, predicts adaptive/-
maladaptive subelements and presence jointly. The
prompt includes a single demonstration example
and enforces strict JSON output. Both subtasks in-
volve a single post using explicit label definitions.
Task 2: We provide three baselines: (1) zero-shot
prompting to derive well-being scores and detect
switches/escalations, (2) a pipeline using Task 1
outputs to compute normalized well-being and de-
tect changes via thresholds and monotonic trends,
and (3) fine-tuning TempoFormer on temporal post
sequences. The latter models longitudinal dynam-
ics directly. Switch and escalation detection are
handled separately.
Task 3.1: Two baselines are provided: (1) zero-
shot prompting with Llama-3.1-8B-Instruct to
generate summaries capturing themes and self-state
dynamics, and (2) a pipeline that augments prompts
with Task 1 and Task 2 predictions. This includes
subelements, presence scores, and change labels
per post. The enriched context improves temporal
coherence and interpretability.
Task 3.2: A zero-shot prompting baseline with
Llama-3.1-8B-Instruct generates one deteriora-
tion and one improvement signature. The model
uses structured prompts over sequence summaries
to extract themes and self-state dynamics. Outputs
are concise (<90 words).

Team R AvgSub EP-A EP-M EP-Avg SE-A SE-M

CUNY 1 0.442 0.613 0.749 0.681 0.388 0.496
StateOfMIND 2 0.441 0.554 0.706 0.630 0.346 0.537
Meronym Labs 3 0.420 0.542 0.735 0.638 0.323 0.517
USAI 4 0.410 0.549 0.736 0.642 0.333 0.487
Aurevia 5 0.381 0.546 0.680 0.613 0.328 0.434
MKC 6 0.361 0.496 0.681 0.588 0.295 0.427
McMasterNLP 7 0.351 0.541 0.666 0.603 0.317 0.385
ull 8 0.335 0.478 0.546 0.512 0.330 0.340
BLUE 9 0.318 0.358 0.643 0.501 0.188 0.448
NoviceTrio 10 0.313 0.514 0.606 0.560 0.281 0.344
Afrilan 11 0.297 0.517 0.600 0.559 0.286 0.308
psytechlab 12 0.274 0.439 0.429 0.434 0.263 0.285
DreamerNLplus 13 0.254 0.440 0.437 0.439 0.266 0.241
CtbuY 14 0.236 0.392 0.479 0.436 0.204 0.268
debju 15 0.195 0.286 0.355 0.320 0.148 0.242
DrosophilAI 16 0.179 0.000 0.642 0.321 0.000 0.358
CSE_IIT_Ropar 17 0.175 0.209 0.323 0.266 0.149 0.202

Baseline – 0.247 0.392 0.605 0.498 0.156 0.338

Table 1: Task 1.1 results. R = rank; AvgSub = aver-
age subelement macro F1; EP = element presence; SE
= subelement macro F1; A/M = adaptive/maladaptive.
Higher scores indicate better performance. Systems are
ranked by AvgSub.

Team R Avg M A QWK C-RMSE Spr. MAE

Meronym Labs 1 0.917 0.833 1.000 0.677 0.920 0.697 0.667
USAI 2 0.942 0.905 0.979 0.730 0.943 0.752 0.681
Aurevia 3 0.981 1.027 0.935 0.645 0.982 0.674 0.688
CUNY 4 0.989 0.866 1.112 0.682 0.997 0.690 0.688
StateofMIND 5 0.994 0.858 1.130 0.695 1.003 0.702 0.701
MKC 6 1.010 1.014 1.007 0.570 1.010 0.604 0.757
McMasterNLP 7 1.035 0.957 1.112 0.526 1.037 0.570 0.799
CSE_IIT_Ropar 8 1.146 1.230 1.061 0.367 1.149 0.418 0.833
DrosophilAI 9 1.154 1.027 1.280 0.571 1.161 0.562 0.819
debju 10 1.156 1.264 1.047 0.232 1.161 0.361 0.875
ull 11 1.171 1.236 1.106 0.355 1.173 0.395 0.875
NoviceTrio 12 1.255 1.344 1.167 0.553 1.258 0.578 0.944
DreamerNLplus 13 1.285 1.312 1.258 0.411 1.286 0.416 0.931
Afrilan 14 1.329 1.219 1.439 0.340 1.333 0.404 1.014
psytechlab 15 1.407 1.389 1.424 0.367 1.407 0.376 1.063
CtbuY 16 1.501 1.572 1.429 0.480 1.502 0.591 1.160
BLUE 17 1.606 1.667 1.546 0.230 1.607 0.423 1.194

Baseline – 1.424 1.439 1.409 0.555 1.424 0.603 1.083

Table 2: Task 1.2: Avg = average RMSE; M/A = mal-
adaptive/adaptive RMSE; QWK = quadratic weighted
kappa; Spr. = Spearman correlation. Lower Avg, RMSE,
C-RMSE, and MAE are better; higher QWK and Spr.
are better. Bold and underline indicate best and second-
best results.

7.2 Results

We summarize system performance based on best
runs (see Appendix C for full details).
System Characteristics: Most systems used
pipeline designs where earlier task outputs in-
formed later stages, often combined with RAG or
hybrid frameworks.
Model Characteristics: All teams used LLMs,
with fine-tuned transformers for structured predic-
tion and LLMs for reasoning and summarization.
Some incorporated lightweight or hybrid models,
while temporal modeling ranged from explicit se-
quence models to prompt-based methods.
Task 1.1: Table 1 shows ABCD composition
results ranked by Avg Subelement F1. CUNY
(0.442) and StateOfMIND (0.441) lead, followed
by Meronym Labs and USAI. Element presence
consistently outperforms subelement prediction,
highlighting difficulty in fine-grained classification.
Maladaptive elements are easier to detect than adap-
tive (e.g., 0.749 vs. 0.613 for CUNY). Adaptive
subelements show the largest performance drop,
reflecting subtle and context-dependent patterns.

Task 1.2: Table 2 reports presence rating results
ranked by Avg RMSE. Meronym Labs (0.917)
leads, followed by USAI and Aurevia. Perfor-
mance varies by dimension: best maladaptive
RMSE (0.833) from Meronym Labs, best adap-
tive (0.935) from Aurevia. USAI shows strongest
agreement (QWK 0.730, Spearman 0.752). Overall
errors remain high, indicating task difficulty.
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Team R Comb. P-Esc P-Mac P-Sw T-Esc T-Mac T-Sw

USAI 1 0.600 0.694 0.639 0.583 0.611 0.561 0.510
CtbuY 2 0.588 0.706 0.611 0.516 0.690 0.564 0.439
JNLP 3 0.580 0.738 0.615 0.492 0.649 0.545 0.441
CUNY 4 0.572 0.714 0.581 0.448 0.709 0.563 0.416
MKC 5 0.554 0.615 0.587 0.558 0.527 0.521 0.514
Codezone 6 0.553 0.636 0.504 0.372 0.719 0.602 0.484
Aurevia 7 0.484 0.667 0.556 0.444 0.416 0.413 0.411
Meronym Labs 8 0.466 0.596 0.510 0.423 0.452 0.421 0.391
debju 9 0.447 0.511 0.510 0.510 0.302 0.385 0.467
DreamerNLplus 10 0.442 0.550 0.491 0.432 0.387 0.392 0.397
McMasterNLP 11 0.412 0.375 0.357 0.339 0.660 0.467 0.274
BLUE 12 0.403 0.447 0.439 0.431 0.348 0.367 0.386
NoviceTrio 13 0.385 0.414 0.405 0.396 0.338 0.365 0.392
DrosophilAI 14 0.383 0.524 0.433 0.341 0.324 0.334 0.344
psytechlab 15 0.372 0.409 0.371 0.333 0.507 0.372 0.237
CSE_IIT_Ropar 16 0.357 0.276 0.284 0.293 0.562 0.430 0.299
Afrilan 17 0.268 0.217 0.286 0.356 0.221 0.250 0.279
Cloud 18 0.260 0.465 0.264 0.063 0.380 0.257 0.133

TempoFormer – 0.572 0.667 0.561 0.456 0.736 0.583 0.430
Weighted Sum + T1.1 – 0.365 0.407 0.383 0.359 0.343 0.346 0.350
Llama ZS – 0.272 0.000 0.169 0.337 0.400 0.376 0.352

Table 3: Task 2 results. R = rank; Comb. = combined
post/timeline macro F1; P/T = post/timeline-level evalu-
ation; Esc = escalation; Sw = switch; Mac = macro F1.
Higher scores indicate better performance. Systems are
ranked by Comb.

Task 2: Table 3 shows MoC detection results
ranked by combined F1. USAI (0.600) leads,
followed by CtbuY and JNLP. Systems special-
ize: JNLP excels in escalation (0.738), USAI in
switches (0.583). At timeline level, Codezone
(Esc) and MKC (Switch) perform best. Joint mod-
eling of post- and timeline-level dynamics remains
challenging. The high performance of the Tempo-
former baseline shows the importance of architec-
tures incorporating temporal awareness by design.

Task 3.1: Table 4 reports summarization re-
sults ranked by AvgRank. Meronym Labs
leads, followed by DreamerNLplus and CUNY.
Metrics vary: Aurevia has highest consistency,
psytechlab lowest contradiction, and USAI best
ROUGE/BERTScore. High overlap does not guar-
antee better ranking, showing trade-offs between
faithfulness and similarity. Generating both consis-
tent and aligned summaries remains difficult.

Task 3.2: Table 5 reports explanation generation
results. For improvement, DreamerNLplus leads
(0.7608), with complementary strengths across
teams (fit, recurrence, specificity). For deterio-
ration, CSE_IIT_Ropar leads (0.7891), though
variability is higher. Some systems achieve perfect
scores in one dimension but underperform overall.
Task 3.2 evaluated signatures using Fit, Recurrence,
and Specificity, with final rankings combining Fit
and the harmonic mean of Recurrence and Speci-
ficity. For improvement, DreamerNLplus ranked
first through high Specificity and strong Recur-
rence, followed by CSE-IIT-Ropar and MKC. For

Team R CS CT R-L BERT-R CSr CTr R-Lr BERT-Rr AvgRank

MERONYM_LABS 1 0.801 0.659 0.266 0.345 3 3 6 4 4.0
DreamerNLplus 2 0.735 0.767 0.285 0.345 7 7 4 3 5.3
CUNY 3 0.789 0.714 0.292 0.295 5 5 3 9 5.5
NoviceTrio 4 0.705 0.771 0.318 0.341 8 8 2 5 5.8
USAI 5 0.681 0.849 0.333 0.365 10 13 1 1 6.3
Aurevia 5 0.866 0.625 0.185 0.226 1 2 11 11 6.3
MKC 7 0.654 0.834 0.284 0.359 11 10 5 2 7.0
psytechlab 8 0.857 0.571 0.078 0.147 2 1 13 13 7.3
JNLP 9 0.791 0.666 0.117 0.164 4 4 12 12 8.0
McMasterNLP 9 0.770 0.761 0.208 0.255 6 6 10 10 8.0
CSE_IIT_Ropar 11 0.688 0.812 0.242 0.306 9 9 8 8 8.5
ULL 12 0.585 0.846 0.262 0.320 13 11 7 6 9.3
CtbuY 13 0.615 0.848 0.232 0.317 12 12 9 7 10.0

Baseline-1 – 0.763 0.753 0.255 0.226 8 7 9 13 9.3
Baseline-2 – 0.767 0.745 0.269 0.235 7 6 6 11 7.5

Table 4: Task 3.1 results. R = overall rank; CS =
consistency; CT = contradiction; R-L = ROUGE-L re-
call; BERT-R = BERTScore recall; CSr/CTr = consis-
tency/contradiction ranks; R-Lr/BERT-Rr = ROUGE-
L/BERTScore recall ranks; AvgRank = average rank
across evaluation metrics. Higher scores indicate bet-
ter performance, while lower AvgRank indicates better
overall ranking. Bold and underline indicate best and
second-best results, respectively.

Team Improvement Deterioration

R Fit Rec Spec Ov. R Fit Rec Spec Ov.

DreamerNLplus 1 0.6250 0.8125 1.0000 0.7608 3 0.4375 0.6875 0.8750 0.6038
CSE_IIT_Ropar 2 1.0000 0.6875 0.3750 0.7426 1 0.8750 0.5625 0.9375 0.7891
MKC 3 0.7500 0.5625 0.9375 0.7266 7 0.1875 0.1875 0.5000 0.2301
McMasterNLP 4 0.6875 0.3750 0.7500 0.5938 8 0.1875 0.1875 0.3125 0.2109
psytechlab 5 0.6875 1.0000 0.2500 0.5437 6 0.6250 0.6250 0.2500 0.4911
Aurevia 6 0.3750 0.6250 0.5000 0.4653 2 0.6875 0.8125 0.5625 0.6761
MeronymLabs 7 0.2500 0.2500 0.5625 0.2981 4 0.4375 0.5625 0.8125 0.5511
CtbuY 8 0.2500 0.2500 0.0000 0.1250 5 1.0000 1.0000 0.0000 0.5000
CUNY 9 0.0000 0.0000 0.2500 0.0000 9 0.0000 0.0000 0.3125 0.0000

Baseline – 0.3750 0.4375 0.3750 0.3894 – 0.5625 0.3750 0.4375 0.4832

Table 5: Task 3.2 results. R = rank; Fit = fit score; Rec
= recurrence score; Spec = specificity score; Ov. = over-
all score. Left block reports improvement prediction
performance, while the right block reports deterioration
prediction performance. Higher scores indicate better
performance. Systems are ranked independently within
each setting by Ov.

deterioration, CSE-IIT-Ropar ranked first with
the highest Specificity and strong Fit, followed by
Aurevia and DreamerNLplus.

8 Performance Analysis

Figure 4 shows state distributions, frequent ABCD
sub-elements, and co-occurrence patterns.
Task 1 Performance Analysis: Distribution of
Adaptive and Maladaptive Self-State Predic-
tions: As shown in Table 6, maladaptive self-
states received higher presence scores than adaptive
states (2.83 vs. 2.18), with maladaptive predictions
skewed toward higher scores (4–5) and adaptive
predictions concentrated around lower scores, par-
ticularly score 2 (39.4%).
Element-Level and Sub-Element Prediction
Trends: Adaptive predictions were mainly asso-
ciated with B-O, D, and B-S, while maladaptive
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State Mean Std Score (%)
1 2 3 4 5

+ 2.18 0.95 26.3 39.4 25.4 7.8 1.2
- 2.83 1.43 27.8 14.5 18.5 25.1 14.1

Table 6: Adaptive (+) and maladaptive (-) self-state pres-
ence score distributions.

predictions were dominated by A, D, and C-S (Ta-
ble 7) (Stiles, 2001; Bromberg, 2014; Hofmann and
Hayes, 2019). B-O (Behaviour towards Others)
was the most frequent adaptive element (44.99%),
whereas maladaptive A (Affect) was the dominant
maladaptive element (50.93%).

Elements Frequent Sub-elements
Elem. % Sub-element %
A+ 26.4 B-O(1)+ 40.8
B-O+ 45.0 B-S(1)+ 32.9
B-S+ 32.9 D(1)+ 18.6
C-O+ 20.5 C-O(1)+ 17.5
C-S+ 16.8 C-S(1)+ 16.3
D+ 38.8 D(5)+ 13.6
A- 50.9 A(5)+ 12.3
B-O- 20.2 C-S(2)- 42.6
B-S- 28.7 C-O(2)- 32.0
C-O- 37.3 B-S(2)- 28.7
C-S- 42.8 A(4)- 22.4
D- 43.6 D(6)- 18.2

D(2)- 17.9
B-O(2)- 14.9

Table 7: Element-level and frequent sub-element predic-
tion distributions. + Adaptive, - Maladaptive.

Co-occurrence and Combination Analysis:
Adaptive and maladaptive self-states frequently co-
occurred, with 58.1% of posts containing both and
14.4% containing neither.

8.1 Task 2 System Performance Analysis:
Switch and Escalation Detection

Table 16 shows the type of model used by teams.
Escalation prediction consistently outperforms
Switch prediction across evaluation metrics (Ta-
ble 8). Mean Escalation F1 reached 0.53 versus
0.41 for Switches, and the best Escalation F1 (0.74)
exceeds the best Switch F1 (0.58). Most systems
favor recall over precision, particularly for Switch
prediction, resulting in a larger precision–recall
gap. From a clinical perspective, the stronger
predictability of Escalations relative to Switches
may reflect important differences in the temporal
organization of psychological change processes.
Escalations appear to involve gradual amplifica-
tion and accumulation of maladaptive self-state
dynamics over time, producing more stable lin-
guistic and behavioral traces that can be detected
computationally. By contrast, Switches may cor-
respond to more sudden reorganizations in self-
state dominance, potentially triggered by external

events, interpersonal ruptures, acute stressors, or
sudden shifts in appraisal and affect regulation.
This distinction is clinically meaningful because
many deterioration trajectories in depression and
related conditions are thought to emerge through
progressively self-reinforcing cycles involving neg-
ative self-referential thinking, hopeless affect, with-
drawal, and reduced engagement with adaptive
goals or relationships (Hofmann and Hayes, 2019).
Such gradual accumulation processes may natu-
rally generate more coherent temporal signatures
than rapid transitions. The findings suggest that
timeline-based modeling may be particularly well-
suited for detecting slowly consolidating maladap-
tive trajectories before more acute shifts occur.

Metric Switch Escalation
Mean Precision 0.35 0.57
Mean Recall 0.54 0.61
Mean F1 0.41 0.53
Median F1 0.43 0.54
Std. F1 0.12 0.15
Best F1 0.58 0.74
Mean Accuracy 0.67 0.73
Precision Range 0.09–0.55 0.23–0.80
Recall Range 0.05–1.00 0.17–1.00
F1 Range 0.06–0.58 0.22–0.74
P–R Gap 0.18 0.05

Table 8: Task 2 performance summary across submis-
sions.

Presence Scores and Behavioural Predictions:
Behavioural prediction rates vary across adaptive
and maladaptive presence levels (Table 9; Figure 3).
Adaptive states peak at moderate presence levels
(2–3) before declining, whereas maladaptive states
show a monotonic increase in behavioural insta-
bility, with Escalation rates rising from 4.34% at
score 1 to 50.29% at score 5. These findings sug-
gest that stronger maladaptive states are associ-
ated with escalating behavioural trajectories, while
stronger adaptive states correspond to lower insta-
bility. Clinically, the adaptive and maladaptive
patterns appear to reflect distinct temporal dynam-
ics. Maladaptive states show a strong monotonic
increase in both Switch and Escalation rates as
presence scores increase, consistent with clinical
models describing progressively self-reinforcing
cycles of negative affect, hopelessness, and mal-
adaptive self-referential processing in depression
(Hayes et al., 2015). By contrast, adaptive states
show higher Switch and Escalation rates at moder-
ate presence levels, followed by declines at stronger
levels. One possible interpretation is that moderate
adaptive states may characterize more transitional
or mixed phases in which adaptive and maladap-

395



Figure 3: Relationship between adaptive/maladaptive self-state presence and Task 2 behavioral outcomes (switches
and escalations). The plots show how the presence and intensity of individual ABCD self-state elements correlate
with moments of change, including abrupt switches and gradual escalations, across adaptive and maladaptive
self-state configurations. Higher maladaptive self-state presence is associated with increased switch and escalation
rates, while adaptive self-state presence exhibits more stable behavioral dynamics.

tive processes coexist, whereas strongly adaptive
states may reflect reduced deterioration dynamics
(Bonanno and Burton, 2013).

State Score Switch (%) Escalation (%)
+ 1 18.04 22.15
+ 2 23.94 32.22
+ 3 26.53 26.02
+ 4 23.84 15.89
+ 5 13.33 13.33
- 1 8.68 4.34
- 2 16.67 15.81
- 3 26.18 27.13
- 4 33.42 44.55
- 5 36.26 50.29

Table 9: Switch and Escalation rates across adaptive (+)
and maladaptive (-) presence scores.

8.2 Task 3.2 Team Meta-Analysis
Characteristics of High-Performing Signatures
Strong Self-State Dynamics: The strongest sys-
tems consistently described: maladaptive domi-
nance, adaptive emergence, suppression between
self-states, reflective dialogue, coexistence and
transition dynamics. Self-state terminology ex-
hibited one of the strongest positive correlations
with final score (r = 0.5425). For example, the
top deterioration system (CSEIITRopar) models
explicit feedback loops, tracks suppression of adap-
tive processes, describes temporal progression into
deterioration.
Mechanistic Temporal Progression: Strongest
systems described change as a dynamic process,
not a static emotional state.

A common deterioration trajectory across
high-performing systems (CSEIITRopar, Dream-
erNLplus, Aurevia, and MeronymLabs) described

maladaptive progression as a reinforcing cascade
from self-critical or detached cognitions (C-S/C-O),
to depressive affect (A), to hopeless desire states
(D), followed by collapse of self-care and relational
engagement (B-S/B-O), culminating in maladap-
tive dominance (MD):

C-S/C-O → A → D → B-S/B-O collapse → MD

Improvement: Weakening maladaptive domi-
nance, emergence of adaptive dialogue, self-care
and connection behaviors, restoration of compe-
tence or belonging. This signature performed
strongly because it: explicitly models transition, de-
scribes adaptive takeover rather than simple symp-
tom reduction.
Generic Systems Performed Poorly: Such as Ct-
buY and CUNY scored poorly despite mentioning
ABCD concepts because they lacked: temporal
progression, coherent dynamic structure. Signature
resembled keyword extraction rather than dynamic
modeling : Adaptive self-state, Depressive affect,
Self-criticism, Maladaptive states.
Temporal Dynamics and Change Events: Sev-
eral high-performing systems explicitly modeled
Change Events (CE). The psytechlab submissions
were particularly notable for capturing pre-/post-
CE dynamics, silence and reflection patterns, and
transitions between coexistence and dominance.

8.3 Key Findings

Recovery trajectories are characterized by weak-
ening maladaptive states, particularly self-critical
cognition (C-S), depressive affect (A), hopeless-
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ness (D), and interpersonal detachment (C-O), fol-
lowed by adaptive loops involving self-care (B-S),
relating behaviors (B-O), positive affect, adaptive
expectations, and more accepting self-perception.
Improvement generally reflects coexistence and
reflective integration of adaptive and maladap-
tive states rather than abrupt replacement. By
contrast, deterioration forms self-reinforcing mal-
adaptive cycles in which self-critical cognition
amplifies depressive affect and hopelessness while
suppressing interpersonal engagement and self-
care. Multiple systems also identified interpersonal
detachment as a precursor of worsening trajectories,
consistent with models of depressive maintenance
involving negative self-referential processing, hope-
lessness, and social withdrawal (Blatt, 2004; Sha-
har, 2015). Notably, these clinically meaningful
themes emerge consistently across methodologi-
cally diverse systems, suggesting that temporally
organized self-state interactions capture psycholog-
ically meaningful longitudinal dynamics.

9 Conclusion

We introduced the CLPsych 2026 Shared Task on
modeling mental health changes in social media
timelines through self-state prediction, change de-
tection, and sequence-level summarization. Results
showed strong performance from LLM-based and
pipeline approaches, especially when combining
structured prompting, retrieval, ensembling, and
temporal modeling. Maladaptive self-states were
consistently easier to detect than adaptive ones,
likely due to stronger and more explicit negative
emotional signals (Baumeister et al., 2001; Atzil-
Slonim et al., 2024). Similarly, Escalations were
more predictable than Switches, suggesting that
gradual deterioration yields clearer temporal pat-
terns than abrupt transitions (Hayes et al., 2015).
High-performing systems captured clinically mean-
ingful dynamics, including maladaptive feedback
loops involving self-critical cognition, hopeless af-
fect, and behavioral withdrawal, while improve-
ment trajectories reflected gradual integration of
adaptive and maladaptive states rather than abrupt
replacement (Stiles, 2001; Bromberg, 2014). These
findings highlight the value of temporally grounded
self-state modeling for longitudinal mental health
analysis.

Limitations

As in the vast majority of prior work leveraging
social media for individual-level mental health as-
sessments, this year’s shared task involves individ-
uals who generated content in self-selected online
communities. The present tasks were conducted
using social media posts made on various mental
health-related subreddits in the English language,
by users who willingly self-disclosed their thoughts
and feelings. Generalization of the approaches pre-
sented in this work to other contexts and in other
languages remains an open area of research.

Annotation was performed over 40 relatively
short timelines due to the annotation load for clin-
ical experts. This potentially hinders the perfor-
mance of smaller supervised models, still leaving
open questions around their true potential. Addi-
tionally, although the well-being score was anno-
tated on the post-level with full timeline content
visibility, the longitudinal manifestation of individ-
uals’ well-being remains underexplored. Since the
annotation process involved selection of the most
salient available adaptive and maladaptive spans for
each ABCD element, this task does not yet explore
the more nuanced selection of additional evidence
spans and their connection to one another.

Although the dynamic evolution of self-states
was, to some extent, addressed in this work with
respect to summarization, there is still need to ex-
plore such dynamic progression through the lenses
of other tasks such as monitoring and dialogue
tracking. Finally, multimodality, which provides
important cues especially in the clinical setting in
terms of the manifestation of self-states, remains
for now a future direction.

Ethics

This year’s tasks explored the prediction of well-
being scores from online posts of users over time,
as well as the extraction of adaptive and maladap-
tive evidence spans and further summarization of
self-state information at the post and timeline lev-
els. This multi-task framework is grounded in the
MIND scheme (Slonim, 2024) that views human
experience as consisting of self-states fluctuating
over time. Each self-state constitutes of identifiable
units characterized by specific combinations of Af-
fect, Behavior, Cognition, and Desire (ABCD).

While the evidence extraction and summaries
provide some guidance with respect to ABCD el-
ements and maladaptive and adaptive states, this
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cannot be used for diagnostic purposes, especially
without the involvement of human experts. Adap-
tive and maladaptive evidence extracted by such
models should be reviewed by clinical experts or
used to augment their capacity by efficiently pre-
senting information to them.

Additionally, the task cannot make any claims
about the potential evidence providing explanations
for well-being scores. Rather, it forms a research
direction towards making causal links between the
two, paving the way towards language models that
can better reason along their decision making pro-
cess.

In terms of data, even though we are using pub-
licly available content from Reddit, we prohibited
its redistribution and the use of any third-party
LLMs that would require sending (part of) the in-
formation to the provider’s servers, to ensure pro-
tection of the sensitive content.
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Appendix A Data Annotation

The dataset combines MIND annotations from
CLPsych 2025 with additional annotations intro-
duced for CLPsych 2026. In CLPsych 2025, clin-
ical psychology Masters students annotated posts
using the MIND framework, labeling adaptive/-
maladaptive ABCD subelements, self-state pres-
ence scores, well-being scores, and post-level
summaries under supervised reconciliation proce-
dures (Tseriotou et al., 2025). Here, 36 additional
posts were annotated to complete change-centered
sequences for Tasks 2 and 3. For Task 3.1, gold se-
quence summaries were generated using Qwen-2.5-
32B conditioned on post text, MIND summaries,
ABCD annotations, self-state scores, and MoC
labels, then manually reviewed and revised by a
clinical expert. The summaries capture intra- and
inter-state dynamics, relative self-state dominance,
change direction, and pre-change context surround-
ing Switches and Escalations.

A.1 MIND Framework

Table 10 shows categories and sub-categories
within the MIND framework.

Appendix B Data Statistics

Table 11 shows data statistics.

Appendix C Participant Submissions

This section presents an overview of the registra-
tion process (§C.1), individual systems (§C.2) from
each participating team and provides an overview
of methods (§C.3) and (§C.4) contains performance
analysis across each task.

C.1 Registration Process

The registration and participation procedure com-
prised three stages: (a) completion of individual
and team registration via an online form, (b) re-
view and signing of a data sharing agreement, and
(c) receipt of access instructions for the training
data, which was provided as a password-protected
compressed file. During the registration phase,
the organizing team also assisted participants seek-
ing collaborators for team formation. The data
sharing agreement required teams to maintain the
dataset in secure, password-protected private stor-
age and prohibited both explicit and implicit data
sharing through third-party platforms, including
proprietary large language model services. For

Codabench-based participation, each team was re-
quired to nominate one designated representative
and share that users Codabench ID with the orga-
nizers prior to submission. Unless stated other-
wise, teams were allowed up to three submissions
per task on Codabench. Tasks 1, 2, and 3.1 were
submitted through Codabench, whereas Task 3.2
was submitted separately via email in the required
JSON format for human evaluation. Although par-
ticipants could choose to make their scores visible
on the Codabench leaderboard, these leaderboard
positions were not treated as official rankings, since
the final shared task rankings were determined us-
ing the shared tasks task-specific evaluation proce-
dures. Table 12 summarizes the participating teams
and their submission activity.

C.2 Individual Team Submissions
- CUNY (Bideh et al., 2026) employed a modular
pipeline using locally served open-weight LLMs
including Gemma 3, Qwen 3.5, and GPT-OSS.
Tasks 1.1 and 1.2 used ensemble-based ICL prompt-
ing with majority voting, achieving the top-ranked
Task 1.1 result. Task 2 used SVM and Random For-
est classifiers trained on upstream predictions such
as presence scores and inter-post deltas. Task 3.1
applied label-augmented ICL for improved summa-
rization, with the team ranking 1st on Task 1.1 and
3rd on Task 3.1.

- StateOfMIND (Ponomareva et al., 2026) used
a retrieval-augmented in-context learning ensemble
with two open-weight LLMs and three sequential
prompts for Tasks 1.1 and 1.2. Their framework
combined unified, adaptive-focused, and affect-
focused prompting strategies with deterministic ag-
gregation of ABCD predictions. The system lever-
aged post-level retrieval and ensemble inference to
improve subelement and presence prediction. Their
best submission ranked 2nd for Task 1.1 and 5th
for Task 1.2.

- Meronym Labs (Antony et al., 2026) proposed
a zero-training retrieval-augmented in-context
learning framework using frozen LLMs such as
Qwen 3.5-27B and Gemma 4-31B with ChromaDB
retrieval. Static and dynamically retrieved exam-
ples were integrated into prompts for ABCD clas-
sification and presence prediction. Task 2 used
timeline-level prompting with automated prompt
optimization, while Task 3 introduced a multi-
agent contradiction-aware summarization pipeline
with NLI reranking using DeBERTa-v3-large. The
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Figure 4: Task 1 analysis: state distributions, frequent ABCD sub-elements, and co-occurrence patterns.
Category Sub-Categories

Adaptive Example Maladaptive Example

Affect Type of emotion expressed by a person.
Calm/Laid back, Emotional Pain/Grieving,
Content/Happy, Vigor/Energetic,
Justifiable Anger/Assertive Anger, Proud

Anxious/Tense/Fearful, Depressed/Desperate/
Hopeless, Mania, Apathetic/Don’t care/Blunted,
Angry (Aggressive, Disgust, Contempt), Ashamed/Guilty

Behavior

Behavior of the self with the Other (BO)
The person’s main behavior(s) toward the other.

Relating behavior, Autonomous behavior
Fight or flight behavior,
Overcontrolled/controlling behavior

Behavior toward the Self (BS)
The person’s main behavior(s) toward the self.

Self-care behavior
Self-harm/Neglect/
Avoidance behavior

Cognition

Cognition of the Other (CO)
The person’s main perceptions of the other.

Perception of the other as related,
Perception of the other as facilitating autonomy/
competence needs

Perception of the other as detached or over attached,
Perception of the other as blocking autonomy needs

Cognition of the Self (CS)
The person’s main self-perceptions.

Self-acceptance and self-compassion Self-criticism

Desire The person’s main desire, need, intention, fear or expectation.
Relatedness, Autonomy and adaptive control,
Competence, Self-esteem, Self-care

Expectation that relatedness need will not be met,
Expectation that autonomy needs will not be met,
Expectation that competence needs will not be met

Table 10: ABCD elements (Categories) with explanations, and their sub-categories.

Statistic Train Test Overall

Timelines 30 10 40
Posts 373 92 465
Avg. Tok./Post 118.4 120.2 118.8
Median Tok./Post 47.0 81.0 60.0
WB Available 236 73 309
WB Missing 137 19 156
WB Mean 5.24 5.29 5.25
WB Std. 1.87 2.15 1.94

Switches 78 21 99
Escalations 75 24 99
Both 27 11 38
Neither 247 58 305

ADT A 43 21 64
ADT B-O 125 38 163
ADT B-S 84 23 107
ADT C-O 50 14 64
ADT C-S 52 15 67
ADT D 118 36 154
ADT Total 472 147 619

MAL A 161 44 205
MAL B-O 36 11 47
MAL B-S 59 22 81
MAL C-O 114 29 143
MAL C-S 135 30 165
MAL D 110 38 148
MAL Total 615 174 789

Deterioration 49 15 64
Improvement 25 04 29

Table 11: CLPsych 2026 dataset statistics.

framework avoided any task-specific fine-tuning
while supporting structured psychological summa-
rization.

- USAI (Ravenda et al., 2026) proposed an
ensemble-based framework combining multiple

Team 1.1 1.2 2 3.1 3.2 Paper System Summary

Aurevia 1 1 1 1 1 X X
BLUE 1 1 1 – – × X
Codezone – – 1 – – × X
CSE_IIT_Ropar 1 1 1 1 1 X ×
CUNY 1 1 1 1 1 X X
CtbuY 1 1 1 1 1 X X
DreamerNLplus 1 1 1 1 1 X X
JNLP – – 1 1 – X X
McMasterNLP 1 1 1 1 1 X X
Meronym Labs 1 1 1 1 1 X ×
MKC 1 1 1 1 1 X X
NoviceTrio 1 1 1 1 – X X
psytechlab 1 1 1 1 1 X X
StateOfMIND 1 1 – – – X X
ULL 1 1 – 1 – × X
USAI 1 1 1 1 – X ×
Total 14 14 14 13 9 13 13

Table 12: Team participation across tasks, paper sub-
mission status, and availability of system summaries.

open-source LLMs for Tasks 1, 2, and 3.1.
Weighted voting and weighted averaging were used
for ABCD subelement classification and presence
estimation, respectively. Task 2 incorporated an
additional refinement stage for improving tempo-
ral consistency in Switch and Escalation detection.
For Task 3.1, few-shot prompting was applied using
predicted annotations and change labels to generate
sequence summaries.

- Aurevia (Roll et al., 2026) developed a privacy-
conscious local healthcare NLP pipeline using TF-
IDF retrieval, schema-constrained prompting with
Qwen2.5-72B-Instruct, ordinal calibration, and de-
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terministic post-processing. The system combined
non-neural retrieval methods with local LLM-based
JSON prediction for ABCD classification and pres-
ence estimation. Task 2 used handcrafted temporal
signals and rule-based calibration, while Task 3 em-
phasized contradiction-aware retrieval-augmented
summarization. Aurevia ranked 3rd for Task 1.2,
5th for Task 3.1, and achieved the best Task 3.1
consistency score.

- MKC (Hwang et al., 2026) developed a uni-
fied LLM-based framework using LoRA fine-
tuned Qwen3 embedding models with 5-fold cross-
validation for Tasks 1 and 2. Weighted Cross-
Entropy and weighted Huber losses addressed se-
vere class imbalance, while sliding-window tem-
poral modeling supported Switch and Escalation
detection. For summarization, the team fine-tuned
Qwen3/Qwen3.5 models using supervised instruc-
tion tuning and generated psychological signatures
in a zero-shot manner using Qwen3.5-9B. Their
framework integrated both discriminative and gen-
erative timeline modeling.

- McMasterNLP (Zhang et al., 2026) proposed
a multi-stage framework combining representation
learning, sequence modeling, and prompt-based
summarization. Task 1 used a dual-encoder archi-
tecture integrating MentalRoBERTa embeddings
with LLM-generated ABCD archetype similarity
features for subelement and presence prediction.
Task 2 employed BiLSTM-based sequence mod-
els for detecting switches and escalations in well-
being timelines. Task 3 used prompt-engineered
Qwen3.5-9B summarization, with the system rank-
ing 7th in both Tasks 1.1 and 1.2.

- NoviceTrio (Naskar and Conway, 2026) intro-
duced a hierarchical multi-stage framework com-
bining a multi-task transformer encoder with a
four-stage instruction-tuned LLM pipeline. Stage 1
jointly predicted state presence and intensity, while
Stage 2 performed element-conditioned subele-
ment classification and BIO-based evidence extrac-
tion using structural masking. A staged Qwen3-4B
LoRA pipeline sequentially handled state detection,
evidence extraction, and refined presence estima-
tion. RoBERTa achieved an 8.3% Macro-F1 im-
provement over baseline, while Qwen3 delivered
the strongest overall performance.

- PSYTECHLAB (Buyanov et al., 2026) pro-
posed a privacy-preserving framework combin-
ing locally deployed language models with task-

specific neural architectures. Their system used
ModernBERT for ABCD subelement classifica-
tion and BiLSTM networks for temporal modeling
of moments of change. Sequence summarization
was handled using zero-shot LLM prompting. The
framework emphasized secure local processing of
sensitive mental health timelines.

- DreamerNLplus (Zhyrko et al., 2026) devel-
oped a hybrid interpretable framework spanning all
subtasks. Task 1.1 combined Ollama-based LLM
data augmentation with DeBERTa fine-tuning for
ABCD classification, while Task 1.2 used Random
Forest regression over structured feature vectors.
Task 2 applied few-shot prompting with locally de-
ployed Llama 3.1 for temporal change detection.
For Tasks 3.1 and 3.2, the team explored both deter-
ministic rule-based summarization and RAG-based
signature extraction pipelines.

- CtbuY (Zhang and Yang, 2026) proposed a
multi-strategy fusion framework integrating zero-
shot prompting, QLoRA fine-tuning, and hierar-
chical TextCNN classification for Task 1. Task 2
employed Mental-BERT embeddings with log-
scale temporal encoding and a three-layer BiLSTM
trained using Focal Loss. Task 3.1 used dynamic
RAG retrieval with Qwen-2.5-7B, while Task 3.2
combined ABCD transition statistics, K-Means
clustering, and thematic distillation for signature
generation. The framework emphasized robust tem-
poral and retrieval-based reasoning.

- CSE_IIT_Ropar (Kumar et al., 2026) pro-
posed a theory-explicit prompting framework
grounded directly in the MIND ABCD taxonomy.
Their system used a three-stage sequence-level
pipeline involving heuristic deterioration/improve-
ment labeling, structured clinical-style summariza-
tion, and aggregated signature extraction. LLM
prompts explicitly encoded ABCD dynamics and
enforced a structured summary format including
central themes and within-/between-state dynam-
ics. The framework emphasized psychologically
interpretable prompting strategies.

- JNLP (Do et al., 2026) proposed a prompt-
based in-context learning framework using locally
deployed Qwen2.5-72B-Instruct-GPTQ-Int8 with
vLLM inference. The system avoided task-specific
fine-tuning and instead relied on few-shot and bal-
anced few-shot prompting for Task 2 change detec-
tion and Task 3.1 summarization. Balanced demon-
strations improved Task 2 Macro-F1 to 0.580,
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while Task 3 summaries achieved strong consis-
tency scores. Their framework demonstrated the
effectiveness of prompt-based longitudinal reason-
ing in low-resource mental health settings.

- ULL ULL proposed a hybrid contrastive learn-
ing and regression framework for psychological
state modeling. Task 1.1 used a SetFit classifier
with an MPNet backbone trained using highlighted
evidence spans and contrastive learning for ABCD
classification. Task 1.2 used Ridge regression over
sentence-transformer and TF-IDF features for pres-
ence estimation. For Task 3.1, the team combined a
LoRA fine-tuned BART summarizer with retrieval-
augmented prompting and rule-based validation.

- BLUE BLUE developed a hybrid zero-/few-
shot LLM framework using DeepSeek-R1-32B and
Mixtral-8x7B through Ollama. Dense retrieval
with BGE-M3 embeddings retrieved annotated ex-
amples for ABCD classification under the MIND
framework. Mixtral handled presence estimation
and wellbeing trajectory prediction, while Task 2
Switch and Escalation labels were derived using
rule-based analysis over predicted trajectories. The
system combined retrieval-augmented prompting
with temporal reasoning.

- Codezone Codezone proposed the Temporal-
Clinical Graph Network (TCGN) for Task 2 change
detection. Their framework combined transformer-
based post encoders, a Temporal Difference En-
coder over GAF-rescaled signals, and a Graph At-
tention Network operating on dynamic self-state
transition graphs. A BiGRU with Clinical Rule-
Augmented Contrastive Learning modeled longitu-
dinal changes for Switch and Escalation detection.
The graph-enhanced temporal architecture substan-
tially outperformed sequential baselines.

C.3 Overview

We outline methods used in the best run per team
in Table 13. For a complete picture of each team’s
approaches, including ablations, we refer the reader
to the respective system description papers. We cat-
egorize each system based on the following proper-
ties:

• LLM: Uses a large language model.

• PLM: Uses a pretrained language model.

• ML: Uses traditional machine learning algo-
rithms (e.g., random forest), excluding feature
engineering techniques.

• RAG: Uses retrieval-augmented generation
with automatic retrieval (excluding manually
selected examples).

• Pipeline: Uses outputs from one task as inputs
to another task (not joint prediction within a
single prompt).

• Domain: Incorporates domain knowledge be-
yond the shared task guidelines.

• Temporal: Explicitly models cross-post de-
pendencies (e.g., sequence models, previous
posts, or timeline reasoning), excluding intra-
post context.

Table 13 summarizes the modeling strategies
adopted by each participating team. LLM-based ap-
proaches dominate the competition, with 14 teams
using at least one large language model in their
best-performing system. Pipeline-based systems
are also highly prevalent (11 teams), indicating
that many participants decomposed the shared task
into sequential subtasks rather than relying on joint
modeling. Temporal reasoning is explicitly mod-
eled by 12 teams, particularly for Task 2, while six
teams use retrieval-augmented generation (RAG).
Traditional machine learning approaches remain
relatively uncommon, appearing in only three sys-
tems.

Team LLM PLM ML RAG Pipeline Domain Temporal

Aurevia X X X X
BLUE X X X X
Codezone X X X
CSE_IIT_Ropar X X X
CtbuY X X X X X X
CUNY X X X X
DreamerNLplus X X X X X X
JNLP X X
McMasterNLP X
Meronym Labs X X X X
MKC X X X
NoviceTrio X X
psytechlab X X X X
StateOfMIND X X X
ull X X X X X
USAI X X X
Total 14 6 3 6 11 3 12

Table 13: Methods used in each team’s best submission.
Pipeline refers to cases where outputs from one task are
used in another task.

LLMs. Large language models (LLMs) form the
backbone of nearly all high-performing systems
in this shared task, either as primary predictors or
as components within hybrid pipelines. Across
the best runs per team, we observe clear trends in
model selection, context utilization, and scaling
behavior (Figures 5–7). First, model family diver-
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sity has increased substantially compared to prior
shared tasks (Chim et al., 2024; Tseriotou et al.,
2025). While Llama-based models are used in
several submissions, the strongest-performing sys-
tems are predominantly built on alternative open-
weight model families such as Qwen, DeepSeek,
and Gemma. In particular, top-ranked teams includ-
ing CUNY, StateOfMIND, Meronym Labs, and
USAI rely heavily on these newer model fami-
lies, often in combination with other models in
ensemble settings. This indicates a shift away from
Llama-centric dominance toward a more diverse
ecosystem of competitive LLMs compared to pre-
vious shared task trends.

Second, context length has expanded signifi-
cantly (Figure 6). Whereas prior work was typ-
ically constrained to 32K tokens, several systems
in this shared task report context windows exceed-
ing 100K tokens, with some models supporting
up to 1M tokens. However, most high-performing
systems do not rely on extremely long contexts;
instead, they employ targeted context construction
strategies such as retrieval-augmented generation
(RAG), structured prompting, or selective use of
recent posts. This suggests that effective context
selection is more important than raw context length
for modeling psychological signals.

Third, model scale contributes to performance
but is not the sole determining factor (Figure 7).
Larger models (50B+ parameters), such as those
used by CUNY, Aurevia, and USAI, achieve strong
results across tasks, particularly for presence es-
timation (Task 1.2). However, mid-sized models
(10–50B), including those used by StateOfMIND
and Meronym Labs, remain highly competitive
when combined with retrieval, ensembling, or cal-
ibration strategies. This highlights that inference-
time design choices, including prompting, aggre-
gation, and post-processing, play a critical role
alongside model size.

Finally, we observe widespread adoption of
retrieval-augmented and ensemble-based LLM
pipelines among top-performing systems. Rather
than relying on a single model pass, leading ap-
proaches combine multiple reasoning steps, re-
trieved examples, or model outputs to improve
robustness and calibration. This trend reinforces
the importance of structured inference strategies in
complex, multi-task psychological modeling set-
tings. Overall, these findings indicate that while
LLMs are central to performance, success depends
less on any single model family and more on how

models are orchestrated through retrieval, prompt-
ing, and aggregation strategies.

Figure 5: Model families used in the best runs of offi-
cial submissions (including LLMs and PLMs). While
Llama-based models are present, top-performing sys-
tems are predominantly based on alternative open-
weight models such as Qwen, DeepSeek, and Gemma,
indicating a shift toward a more diverse LLM ecosys-
tem.

Figure 6: Maximum context length of LLMs used in
best runs. Although several systems support very long
contexts (100K+ tokens), most high-performing ap-
proaches rely on selective context construction (e.g.,
retrieval or recent posts) rather than fully utilizing the
maximum available context.

C.4 Performance Analysis
We analyze system performance across Task 1.1
(subelement classification), Task 1.2 (presence es-
timation), Task 2 (moment-of-change detection),
and Task 3 (summarization and explanation genera-
tion), focusing on how modeling choices influence
leaderboard outcomes based on the best submission
per team.

Overall Trends. Across tasks, we observe sub-
stantial variation in performance ceilings and sys-
tem rankings. For Task 1.1, the best-performing
system (CUNY) achieves an Average Subelement
Macro F1 of 0.442. For Task 1.2, Meronym Labs
achieves the lowest AvgRMSE of 0.917, followed
closely by USAI (0.942) and Aurevia (0.981). In
Task 2, USAI achieves the highest combined macro
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Figure 7: Model size distribution (in parameters)
across best-performing systems. While larger models
(50B+) achieve strong performance, mid-sized mod-
els (10–50B) remain competitive when combined with
retrieval, ensembling, and calibration strategies, indicat-
ing that system design plays a key role alongside scale.

F1 of 0.600, followed by CtbuY (0.588) and JNLP
(0.580). For Task 3.1, Meronym Labs ranks first
overall based on average rank across evaluation
metrics, while DreamerNLplus and CUNY rank
second and third, respectively. For Task 3.2,
DreamerNLplus achieves the best overall score
for improvement explanations (0.7608), whereas
CSE_IIT_Ropar achieves the best deterioration ex-
planation score (0.7891). These results illustrate
increasing task complexity from structured classifi-
cation and regression toward temporally grounded
generation and explanation.

Task 1.1: Subelement Classification. Task 1.1
exhibits a relatively wide spread in system perfor-
mance, with AvgSub scores ranging from 0.175 to
0.442. Top-performing systems include CUNY
(0.442), StateofMIND (0.441), Meronym Labs
(0.420), USAI (0.410), and Aurevia (0.381). These
systems primarily rely on LLM-based inference
combined with ensembling, prompting, or retrieval
strategies. Mid-performing systems such as MKC
(0.361), McMasterNLP (0.351), and ull (0.335) re-
main competitive despite using smaller or more
specialized architectures. Lower-performing sys-
tems such as CSE_IIT_Ropar (0.175), DrosophilAI
(0.179), and debju (0.195) highlight the difficulty of
fine-grained adaptive and maladaptive subelement
prediction. Performance differences are particu-
larly pronounced for adaptive subelements, which
consistently achieve lower scores than maladap-
tive subelements across systems. This suggests

that adaptive signals are more heterogeneous and
difficult to identify than maladaptive indicators.

Task 1.2: Presence Estimation. Task 1.2 re-
veals a different ranking structure from Task 1.1.
Meronym Labs achieves the best AvgRMSE
(0.917), followed by USAI (0.942), Aurevia
(0.981), CUNY (0.989), and StateofMIND (0.994).
These results indicate that strong classification per-
formance does not necessarily translate into op-
timal regression calibration. Systems also spe-
cialize across evaluation metrics. USAI achieves
the strongest agreement with gold annotations, ob-
taining the highest Combined Quadratic Weighted
Kappa (0.730) and Spearman correlation (0.752),
whereas Meronym Labs achieves the lowest pre-
diction error overall. In contrast, systems such
as BLUE (1.606 AvgRMSE), CtbuY (1.501), and
psytechlab (1.407) perform substantially worse,
suggesting that regression-based presence estima-
tion is highly sensitive to calibration and score nor-
malization.
Team-Level Prediction Characteristics: Team-
level statistics showed substantial variability in pre-
diction coverage and intensity (Table 14). Adap-
tive coverage ranged from 34.78% to 98.91%,
while maladaptive coverage ranged from 48.91%
to 100.00%. Mean adaptive presence scores ranged
from 1.42 to 3.51, compared to 1.89 to 3.70 for
maladaptive states.

Metric Min Max
Adaptive Coverage (%) 34.8 98.9
Maladaptive Coverage (%) 48.9 100.0
Adaptive Mean Presence 1.42 3.51
Maladaptive Mean Presence 1.89 3.70
Adaptive Avg. Elements 0.00 3.62
Maladaptive Avg. Elements 0.90 4.55

Table 14: Team-level prediction range summary.

Statistical Significance Analysis: Welchs t-test
confirmed a significant difference between adaptive
and maladaptive presence scores (Table 15), with
maladaptive states receiving higher scores overall.

Metric Value
t-statistic -13.38
p-value 1.3 × 10−39

ADT Mean 2.18
MAL Mean 2.83

Table 15: Welchs t-test comparing adaptive and mal-
adaptive presence scores.

Relationship Between Tasks 1.1 and 1.2. Per-
formance across Task 1.1 and Task 1.2 demon-
strates a moderate inverse relationship. Systems
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Team Model Type

USAI LLM
CtbuY Small LM
JNLP LLM
CUNY ML
MKC Small LM
Codezone Small LM
Aurevia LLM
Meronym Labs LLM
debju LLM
DreamerNLplus ML
McMasterNLP Small LM
BLUE LLM
NoviceTrio Small LM
DrosophilAI LLM
psytechlab Small LM
CSE_IIT_Ropar Small LM
Afrilan ML
Cloud LLM

TempoFormer Small LM
Llama ZS LLM

Table 16: Broad model categories used by Task 2 sys-
tems.

achieving stronger AvgSub scores generally ob-
tain lower AvgRMSE values, although the relation-
ship is not perfectly linear. For example, CUNY
ranks first in Task 1.1 but fourth in Task 1.2,
whereas Meronym Labs improves from third place
in Task 1.1 to first place in Task 1.2. Similarly,
USAI performs strongly across both tasks despite
relying on different aggregation strategies. These
findings indicate that classification and regression
subtasks require partially distinct optimization ob-
jectives and inference strategies.

Task 2: Moment-of-Change Detection. Task 2
demonstrates the importance of temporal reason-
ing and cross-post contextual modeling. USAI
achieves the highest combined macro F1 (0.600),
followed closely by CtbuY (0.588), JNLP (0.580),
MKC (0.554), and Codezone (0.553). In contrast,
weaker systems such as Cloud (0.260) and Afrilan
(0.268) perform substantially worse, highlighting
the difficulty of detecting Switches and Escala-
tions from longitudinal timelines. Performance
varies considerably across subtasks. JNLP achieves
the best post-level escalation F1 (0.738), Code-
zone achieves the strongest timeline escalation F1
(0.719), and MKC achieves the best timeline switch
F1 (0.514). These differences indicate that systems
specialize in distinct temporal reasoning capabil-
ities. Architectures explicitly modeling timeline
structure and temporal dependencies generally out-
perform static or post-independent approaches. Ta-
ble 16 shows broad model categories used by Task
2 systems.

Task 3.1: Summarization Quality. Task 3.1 in-
troduces a multi-dimensional evaluation framework
combining consistency, contradiction, ROUGE-L
recall, and BERTScore recall. Meronym Labs
achieves the best overall ranking, followed by
DreamerNLplus and CUNY. However, perfor-
mance differs substantially across individual met-
rics. Aurevia achieves the highest consistency
score (0.866), psytechlab achieves the lowest con-
tradiction score (0.571), USAI achieves the best
ROUGE-L recall (0.333), and USAI also achieves
the highest BERTScore recall (0.365). Systems op-
timized for lexical overlap metrics do not necessar-
ily achieve the best faithfulness metrics, illustrating
an important trade-off between semantic similarity
and factual consistency. These findings emphasize
that summarization quality in mental health time-
lines cannot be captured adequately using a single
evaluation metric.

Task 3.2: Explanation Generation. Task 3.2
evaluates explanation generation for improve-
ment and deterioration scenarios. For im-
provement explanations, DreamerNLplus achieves
the highest overall score (0.7608), followed by
CSE_IIT_Ropar (0.7426) and MKC (0.7266). For
deterioration explanations, CSE_IIT_Ropar per-
forms best overall (0.7891), followed by Aure-
via (0.6761) and DreamerNLplus (0.6038). Sys-
tems demonstrate complementary strengths across
evaluation dimensions. CSE_IIT_Ropar performs
particularly well on fit and specificity, psytechlab
and CtbuY achieve perfect recurrence scores in
some settings, and DreamerNLplus achieves the
strongest specificity for improvement explanations.
However, variance across systems remains high,
indicating the difficulty of jointly optimizing fit,
recurrence, and specificity.

Method-Level Trends. Method-level analysis
reveals several important trends (Tables 17,
18). RAG-based systems achieve higher average
Task 1.1 performance (0.334 AvgSub) than non-
RAG systems (0.307), but worse Task 1.2 perfor-
mance (1.246 vs. 1.128 AvgRMSE), indicating that
retrieval improves classification more consistently
than regression calibration (Table 17). Pipeline-
based systems also outperform non-pipeline sys-
tems in Task 1.1 (0.330 vs. 0.292 AvgSub), but
achieve slightly worse regression performance in
Task 1.2 (1.185 vs. 1.141 AvgRMSE), as shown in
Table 17. Temporal systems perform substantially
better in Task 2 (0.498 combined macro F1) than
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Method Teams Task 1.1 AvgSub ↑ Task 1.2 AvgRMSE ↓
RAG BLUE, CtbuY, DreamerNLplus, Meronym Labs, StateOfMIND, ull 0.334 1.246
No RAG Afrilan, Aurevia, CSE_IIT_Ropar, CUNY, DrosophilAI, MKC, McMasterNLP, NoviceTrio, psytechlab, USAI, debju 0.307 1.128

Pipeline Aurevia, BLUE, CtbuY, CUNY, DreamerNLplus, MKC, Meronym Labs, NoviceTrio, psytechlab, StateOfMIND, ull, USAI 0.354 1.120
No Pipeline Afrilan, CSE_IIT_Ropar, DrosophilAI, McMasterNLP, debju 0.210 1.099

Temporal Aurevia, BLUE, Codezone, CSE_IIT_Ropar, CtbuY, CUNY, DreamerNLplus, JNLP, MKC, Meronym Labs, psytechlab, USAI 0.354 1.121
Non-temporal Afrilan, DrosophilAI, McMasterNLP, NoviceTrio, StateOfMIND, ull, debju 0.282 1.201

Table 17: Method-level performance on Task 1.1 (Av-
erage Subelement Macro F1) and Task 1.2 (Average
RMSE), computed using the method taxonomy from
Table 13.

Approach Teams Task 2 Combined F1 ↑
Temporal Aurevia, BLUE, Codezone, CSE_IIT_Ropar, CtbuY, CUNY, DreamerNLplus, JNLP, MKC, Meronym Labs, psytechlab, USAI 0.498
Non-temporal Afrilan, Cloud, DrosophilAI, McMasterNLP, NoviceTrio, debju 0.359

Table 18: Impact of temporal modeling on Task 2 using
the temporal categorization from Table 13. Explicit tem-
poral modeling improves moment-of-change detection
performance.

non-temporal systems (0.359), supporting the im-
portance of explicit timeline modeling for moment-
of-change detection (Table 18).

Effect of Model Size. Larger models generally
achieve stronger performance across tasks. Sys-
tems using models larger than 50B parameters, in-
cluding CUNY, Aurevia, and USAI, consistently
rank among the best-performing systems in Tasks 1
and 2. However, mid-sized models (10–50B) such
as those used by StateofMIND and Meronym Labs
remain highly competitive when combined with
retrieval, ensembling, or calibration strategies. In
contrast, smaller models (<1B) consistently under-
perform relative to larger systems. These findings
suggest that model scale contributes substantially
to performance, but inference-time strategies such
as retrieval, prompting, and aggregation remain
equally important.

Summary. Overall, the results demonstrate that
(1) Tasks 1.1 and 1.2 are related but require distinct
optimization strategies, (2) Task 2 strongly bene-
fits from temporal reasoning and timeline-aware
modeling, (3) Task 3 introduces complex multi-
objective generation challenges balancing faith-
fulness and semantic similarity, (4) retrieval and
pipeline strategies provide task-dependent benefits,
(5) larger models improve performance but are in-
sufficient alone, and (6) ensemble approaches are
particularly effective for structured prediction tasks
but less consistently beneficial for generation tasks.

Appendix D Baselines

This section outlines implementation details of
our baseline models (§7.1). In LLM-based meth-
ods, we employ Llama-3.1-8B-Instruct. We
also perform ablation experiments using the larger

Model AvgSub EP-A EP-M EP-Avg SE-A SE-M

Llama-3.3-70B-Instruct 0.391 0.524 0.722 0.623 0.292 0.489
Llama-3.1-8B-Instruct 0.247 0.392 0.605 0.498 0.156 0.338

Table 19: Baseline Task 1.1 results. AvgSub = average
subelement macro F1; EP = element presence; SE =
subelement; A = adaptive; M = maladaptive.

Model AvgRMSE RMSE-M RMSE-A QWK C-RMSE Spr. MAE

Llama-3.3-70B-Instruct 1.244 1.291 1.196 0.591 1.244 0.609 0.910
Llama-3.1-8B-Instruct 1.424 1.439 1.409 0.555 1.424 0.603 1.083

Table 20: Baseline Task 1.2 results. AvgRMSE = av-
erage RMSE; C-RMSE = combined RMSE; Spr. =
Spearman correlation. Lower is better for RMSE met-
rics; higher is better for QWK and Spr.

Llama-3.3-70B-Instruct model to explore the
effects of model size on Task performance. For
the text generation Task 3.1, we also perform ex-
periments varying temperature. Unless otherwise
indicated, all experiments on generative LLMs use
a temperature of 1.0 and a top_p of 0.7.

D.1 Task 1.1

The prompt for Task 1.1 instructs the model to
identify predominant adaptive and maladaptive sub-
elements across the six ABCD dimensions: Affect
(A), Behavior toward Other (BO), Behavior toward
Self (BS), Cognition toward Other (CO), Cogni-
tion toward Self (CS), and Desire (D). We frame
this as a classification problem with label defini-
tions embedded directly in the prompt. The la-
beling protocol enforces sparsity constraints: each
element-valence pair may have at most one domi-
nant sub-element, with null designations used when
no element is present. Scores for both Llama mod-
els are shown in Table 19.

D.2 Task 1.2

The prompt for Task 1.2 is shared with Task 1.1
and instructs the model to assign integer presence
scores ranging from 1 to 5 for both adaptive and
maladaptive self-states overall. A constraint re-
quires that any all-null valence configuration re-
ceive a score of 1. The prompt explicitly defines
"presence" as psychological centrality rather than
mere lexical frequency. Scores for both Llama
models are shown in Table 20.

D.3 Task 2

Baseline 1 uses zero-shot prompting to elicit well-
being scores, which are used to predict switches,
and escalation labels. Using the baseline predic-
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Method Comb. P-Esc P-Mac P-Sw T-Esc T-Mac T-Sw

TempoFormer 0.572 0.667 0.561 0.456 0.736 0.583 0.430

Weighted Sum + T1.1 (70B) 0.394 0.378 0.407 0.436 0.335 0.380 0.425
Weighted Sum + T1.1 (8B) 0.365 0.407 0.383 0.359 0.343 0.346 0.350

Llama-70B ZS 0.317 0.000 0.219 0.438 0.400 0.416 0.432
Llama-8B ZS 0.272 0.000 0.169 0.337 0.400 0.376 0.352

Table 21: Baseline Task 2 results. Comb. = combined
macro F1; P = post-level; T = timeline-level; Esc =
escalation; Mac = macro F1; Sw = switch.

tions for Task 1.1, Baseline 2 calculates well-being
using the following formula, clamping the score
between 1 and 10 inclusive:

Well-being = Round((1 − mal_ratio) · 9 + 1 + adap_bonus)

Where:
mal_ratio = mal_score

weight_sum

mal_score = weighted sum of maladaptive elements identified in Task 1.1.

The weights used in the weighted sum are as
follows: ‘A’=2.0, ‘BS’=1.8, ‘D’=1.5, ‘CS’=1.2,
‘CO’=1.0, ‘BO’=0.8.

weight_sum = 2.0 + 1.8 + 1.5 + 1.2 + 1.0 + 0.8

adap_bonus = 0.5· count of adaptive elements identified in Task 1.1.

The TempoFormer (Baseline 3) was fine-tuned
with a window size of 5 for Switches and 10 for Es-
calations (based on differences in the guideline def-
initions), over 4 epochs with a learning rate of 1e-5,
using focal loss to address class imbalance. The
first 6 layers of the model were frozen to account
for the small number of training samples. Scores
for all baseline experiments using both Llama mod-
els and TempoFormer are shown in Table 21.

D.4 Task 3.1

Baseline 1 employs zero-shot prompting on Llama-
3.1-8B-Instruct using a temperature of 0.2.
Baseline 2 was formulated as a pipeline by using
the model from Baseline 1 and feeding the predic-
tions from the top performing baselines from Task
1 and Task 2 (TempoFormer) within the prompt.
Additional experiments were performed for each
approach, varying the temperature and using the
larger Llama-3.3-70B-Instruct model. These
results are presented in Table 22.

D.5 Task 3.2

The Task 3.2 Baseline is described in full detail by
§7.1.

Model Temp CS CT R-L BERT-R

Llama-8B

0.2 0.763 0.753 0.255 0.226
0.4 0.774 0.694 0.246 0.237
0.6 0.810 0.665 0.247 0.231
0.8 0.791 0.704 0.255 0.230
1.0 0.792 0.705 0.238 0.235

Llama-70B

0.2 0.819 0.659 0.222 0.222
0.4 0.821 0.649 0.223 0.224
0.6 0.819 0.660 0.226 0.229
0.8 0.816 0.663 0.219 0.228
1.0 0.824 0.679 0.220 0.225

Llama-8B Pipeline

0.2 0.763 0.745 0.269 0.235
0.4 0.738 0.764 0.260 0.227
0.6 0.722 0.801 0.250 0.231
0.8 0.730 0.796 0.256 0.226
1.0 0.756 0.745 0.246 0.227

Llama-70B Pipeline

0.2 0.759 0.700 0.235 0.229
0.4 0.760 0.728 0.231 0.227
0.6 0.757 0.742 0.233 0.227
0.8 0.771 0.708 0.234 0.225
1.0 0.762 0.768 0.234 0.221

Table 22: Baseline Task 3.1 results. CS = consis-
tency; CT = contradiction; R-L = ROUGE-L; BERT-R
= BERTScore. Scores used as official baselines have
been italicized.

Appendix E Prompts used for Tasks 1, 2,
and 3

This section presents the prompts used in the base-
line methods. Listing 2 provides the prompt for
Tasks 1.1 and 1.2 baselines. Listing 3 provides the
prompt for Tasks 2 baseline for Well-being scores.
Listing 4 provides the prompt for Tasks 2 base-
line for escalation labeling. Listing 5 provides the
prompt for Tasks 3.1 Baseline 1. Listing 6 provides
the prompt for Tasks 3.1 Baseline 2. Listing 7
provides the prompt for Tasks 3.2 baseline.

Appendix F Examples of Expected Input
and Output for Tasks 1, 2,
and 3

This section provides illustrative examples for each
task to clarify the expected input and output for-
mats. An example of identifying adaptive and mal-
adaptive self-state compositions is shown in List-
ing 8. An example of assigning adaptive and mal-
adaptive presence scores is shown in Listing 9. An
example of escalation and switch label prediction
across posts is shown in Listing 10. An example
of generating a structured psychological summary
over a sequence is shown in Listing 11. Examples
of recurrent dynamic patterns of deterioration and
improvement are shown in Listing 12.
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You are writing a GOLD Task 3.1 Sequence Summary. Follow instructions exactly.

Task 3.1: Summarising sequences surrounding change events

The goal of Task 3.1 is to generate a structured summary describing patterns of self -state dynamics and their progression over
time within a sequence of posts surrounding a change (Switch and/or Escalation). Each sequence includes posts leading

up to the change , as well as posts marking the change itself. The summary must describe how psychological change
processes evolve across the sequence , and how they culminate in (Switch), or unfold through (Escalation), the identified
change event. The direction of the change (improvement/deterioration) must also be indicated.

Switch: A switch reflects a substantial change in well -being between two consecutive posts. A switch occurs when |Wellbeing(t)
Wellbeing(t1)| 2.

Escalation: An escalation refers to a gradual intensification of mood across a sequence of consecutive posts.

Use:
- post text
- change labels
- self -state presence scores
- ABCD subcategory compositions

The summary must describe:
- the central psychological theme across the sequence
- within -state ABCD dynamics
- between -state dynamics
- relative adaptive/maladaptive dominance
- how dynamics evolve before and during the change

When referencing ABCD elements , use:
(A), (B-S), (B-O), (C-S), (C-O), (D)

STYLE RULES:
- Write ONE coherent paragraph only.
- Use process -oriented relational language.
- Do not list ABCD labels independently.
- Integrate ABCD elements into relational dynamics.

HARD CONSTRAINTS:
- Output must be EXACTLY ONE SINGLE PARAGRAPH.
- Output MUST start EXACTLY with:

Sequence summary:
- Explicitly state:

- improvement OR deterioration
- whether change culminates in a Switch or unfolds through an Escalation

- Anchor where change occurs:
- early / mid / late within the sequence

- Mention self -state dominance verbally only.
- DO NOT output numeric presence scores.
- DO NOT invent content.

Narrative structure:
1. Introduce the central psychological theme.
2. Describe pre -change adaptive/maladaptive dynamics.
3. Describe relative state dominance and interactions.
4. Describe cross -state ABCD dynamics.
5. Describe how dynamics intensify or shift.
6. Describe the configuration at the change point.

--- SEQUENCE BLOCK ---
{sequence_block}

Return ONLY the final summary paragraph.

Listing 1: Prompt for Task 3.1 sequence summarization baseline.
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You are labeling ONE social media post for the CLPsych 2026 Shared Task.

Perform both tasks below.

TASK 1.1 Dominant ABCD subelements and self -state composition
Identify which predefined ABCD subelements are meaningfully expressed in the post.

For each ABCD element:
- A = Affect
- BO = Behavior toward Other
- BS = Behavior toward Self
- CO = Cognition toward Other
- CS = Cognition toward Self
- D = Desire

Evaluate adaptive and maladaptive expressions separately.

Within a single element and valence:
- choose at most ONE dominant subelement

Within a single element:
- it is allowed to output both one adaptive and one maladaptive subelement

if both are clearly expressed

If an element is not expressed for a given valence , use null.

TASK 1.2 Presence scores
Assign:
- adaptive_presence
- maladaptive_presence

using this scale:
1 = Not present
2 = Somewhat present
3 = Moderately present
4 = Much present
5 = Highly present

Important rules:
- If the adaptive self -state is not expressed at all (all adaptive element values are null),

adaptive_presence MUST be 1.
- If the maladaptive self -state is not expressed at all (all maladaptive element values are null),

maladaptive_presence MUST be 1.
- Presence reflects psychological centrality and influence , not mere word frequency.

Allowed labels (must match exactly):

Adaptive:
A: {ALLOWED [" A_adaptive "]}
BO: {ALLOWED [" BO_adaptive "]}
BS: {ALLOWED [" BS_adaptive "]}
CO: {ALLOWED [" CO_adaptive "]}
CS: {ALLOWED [" CS_adaptive "]}
D: {ALLOWED [" D_adaptive "]}

Maladaptive:
A: {ALLOWED [" A_maladaptive "]}
BO: {ALLOWED [" BO_maladaptive "]}
BS: {ALLOWED [" BS_maladaptive "]}
CO: {ALLOWED [" CO_maladaptive "]}
CS: {ALLOWED [" CS_maladaptive "]}
D: {ALLOWED [" D_maladaptive "]}

Return ONLY one JSON object with exactly this structure:
{{

"task1_1 ": {{
"adaptive ": {{

"A": null ,
"BO": null ,
"BS": null ,
"CO": null ,
"CS": null ,
"D": null

}},
"maladaptive ": {{

"A": null ,
"BO": null ,
"BS": null ,
"CO": null ,
"CS": null ,
"D": null

}}
}},
"task1_2 ": {{

"adaptive_presence ": 1,
"maladaptive_presence ": 1

}}
}}

Do not output any explanation , prose , markdown , comments , or extra keys.

{ONE_SHOT_EXAMPLE}

### Input Post:
{{ post_text }}

### Output JSON:

Listing 2: Prompt for Task 1.1 and Task 1.2 baselines.
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You will be given ONE social media post from a single user.

Estimate the user 's wellbeing on a 1-10 scale , where:
- 10 = excellent psychological and social functioning , minimal symptoms
- 1 = severe dysfunction or persistent risk

Wellbeing reflects overall functioning across:
- emotional distress
- hopelessness or suicidality
- motivation and coping
- social/interpersonal functioning
- daily functioning or impairment
- coherence/stability of sense of self

Important guideline:
- The scale is clinically anchored , not relative within the same individual.
- If the post does not provide strong evidence for major change , estimate

conservatively.
- Clear evidence is required to justify strong improvement or deterioration.
- If evidence is partial or ambiguous , make only a minimal adjustment.

Return ONLY a single JSON object exactly in this format:
{" wellbeing ": <integer from 1 to 10>}

Post:
"{ post_text }"

Listing 3: Well-being Prompt for Task 2 Baseline 1.

You are given a chronologically ordered timeline of posts from one individual.

Your task is to identify Escalation events.

Definition:
An Escalation is a gradual intensification of mood over a SEQUENCE of
consecutive posts. It occurs when mood progressively shifts from neutral
or mildly valenced toward a more extreme state across multiple posts.

An escalation may reflect:
- gradual deterioration ("d")
- gradual improvement ("i")

Important distinctions:
- Escalation is gradual , not abrupt.
- Escalation is independent from Switch events.
- Only mark spans that clearly show progressive intensification across

at least 2 consecutive posts.

Output requirements:
Return ONLY one JSON object with exactly one key:
{

"escalations ": [
{"start ": <int >, "end": <int >, "direction ": "i" or "d"},
...

]
}

Rules:
- start and end are inclusive indices in the timeline order shown below.
- Only include spans that are clearly gradual.
- Keep at most {max_escalations} escalation spans.
- Do not include explanation or extra keys.

Timeline:
{timeline_block}

Listing 4: Escalation Prompt for Task 2 Baseline 1.
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### Task
Your task is to generate a structured summary describing patterns of self -state dynamics and their

progression over time within a sequence of posts surrounding a change (Switch and/or Escalation).

### Definitions
- Switch: A switch reflects a substantial and sudden change in well -being between two consecutive posts. A

switch occurs when |Wellbeing(t) Wellbeing(t1)| 2. The change may reflect either improvement or
deterioration.

- Escalation: An escalation refers to a gradual intensification of mood over a sequence of consecutive posts
. It occurs when an individuals mood progressively shifts from neutral or mildly valenced , toward a
more extreme state (very negative or very positive) across a span of posts.

### Summary Content
The summary should include references , only when they are evident in the data , to the following aspects:
1. Central recurring theme across the posts: Describe the central dynamic psychological theme and change

trajectory characterizing the change process across the sequence , articulated in terms of ABCD
subelements: Affect (A); Behavior toward self (B-S) and Behavior toward others (B-O); Cognition toward
self (C-S) and Cognition toward others (C-O); and Desire (D), grounded in concrete content from the
posts. Explain how this theme evolves across the sequence. The description of the theme should reflect
the relational dynamics between these ABCD subelements within and between self -states , as defined in
the sections below. The theme should be described across the stages of the change process within the
sequence , making clear how the theme appears before the change and how it develops as the change
unfolds (when the change is that of escalation) or when it culminates (when the change is that of
switch).

2. Dynamics within the Adaptive and Maladaptive self -states and their presence: Describe how present each
self -state is and how its relative presence changes throughout the sequence as part of the change
process. Presence refers to how strongly each self -state is expressed or dominant at different points
in the sequence , whereas dynamics refer to the interactions between the ABCD subelements within that
self -state. Where present , describe the adaptive and/or the maladaptive self -states in terms of Affect ,
Behavior , Cognition and Desire , expressing these ABCD subelements through explicit relational dynamics
between them within the same self -state. If a self -state is described , relational dynamics between its
ABCD subelements MUST also be described. Dynamics within a self -state are relational patterns between

two or more subelements within the same self -state. These dynamics may be directional or reciprocal ,
such as co-activation , mutual reinforcement , exacerbation of one element by another , amplification of
one element by another , or other structured interactions. This list is not exhaustive; other forms of
dynamics may also be identified where conceptually appropriate. These relational dynamics between
subelements within a self -state should be described as they unfold across the sequence , noting how they
change over time.

3. Relationship between the adaptive and maladaptive self states and their relative presence: Describe how
the adaptive and maladaptive self -states relate to one another and how that changes throughout the
sequence. Describe how the relative presence and dominance of the adaptive and maladaptive self -states
shifts across the sequence. This may include: one self -state dominating the other , suppressing or
silencing the other , or both self -states coexisting through reflective dialogue. Use presence scores to
support comparison over the sequence , but do not print numeric scores in the output. Additionally ,

examine whether dynamics occur between ABCD subelements across opposite self -states (suppression/
attenuation , reflective dialogue , dominance competition , resilience or other structured interactions).
If such crossself -state dynamics are present in the sequence , they MUST be described.

### Summary Guidelines
- The identity of the change event (Switch or Escalation) should be explicitly stated in the summary
- The direction of the change (improvement/deterioration) must be indicated - several changes in direction

of change may be present in a sequence.
- It should be explicitly stated what dynamics characterized the pre -change phase , and how these dynamics

culminated in the change event (in the case of a Switch) or unfolded through the change process (in the
case of an Escalation).

- It should be explicitly stated in the summary when the change event occurs. Please note that a Switch
event occurs within a single post , whereas an escalation unfolds across multiple posts.

### Guidelines for the Output
- The generated summary must not exceed 350 words.
- The summary should be a paragraph of text , not in a list. Do not add sections or titles.
- Generate only the summary as described , do not add any extra text or explanations.

### Input
{{ INPUT_SEQUENCE_POST_TEXT_ONLY }}

### Output

Listing 5: Prompt for Task 3.1 Baseline 1.
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### Task
Your task is to generate a structured summary describing patterns of self -state dynamics and their

progression over time within a sequence of posts surrounding a change (Switch and/or Escalation).

### Input Description
Along with the post text , the adapative and maladaptive presence scores , and composition are give. It is

also given whether if a switch or escalation is present for each post.

### Definitions
- Switch: A switch reflects a substantial and sudden change in well -being between two consecutive posts. A

switch occurs when |Wellbeing(t) Wellbeing(t1)| 2. The change may reflect either improvement or
deterioration.

- Escalation: An escalation refers to a gradual intensification of mood over a sequence of consecutive posts
. It occurs when an individuals mood progressively shifts from neutral or mildly valenced , toward a
more extreme state (very negative or very positive) across a span of posts.

#### Presence Scale
1 = Not present
2 = Somewhat present
3 = Moderately present
4 = Much present
5 = Highly present

### Summary Content
The summary should include references , only when they are evident in the data , to the following aspects:
1. Central recurring theme across the posts: Describe the central dynamic psychological theme and change

trajectory characterizing the change process across the sequence , articulated in terms of ABCD
subelements: Affect (A); Behavior toward self (B-S) and Behavior toward others (B-O); Cognition toward
self (C-S) and Cognition toward others (C-O); and Desire (D), grounded in concrete content from the
posts. Explain how this theme evolves across the sequence. The description of the theme should reflect
the relational dynamics between these ABCD subelements within and between self -states , as defined in
the sections below. The theme should be described across the stages of the change process within the
sequence , making clear how the theme appears before the change and how it develops as the change
unfolds (when the change is that of escalation) or when it culminates (when the change is that of
switch).

2. Dynamics within the Adaptive and Maladaptive self -states and their presence: Describe how present each
self -state is and how its relative presence changes throughout the sequence as part of the change
process. Presence refers to how strongly each self -state is expressed or dominant at different points
in the sequence , whereas dynamics refer to the interactions between the ABCD subelements within that
self -state. Where present , describe the adaptive and/or the maladaptive self -states in terms of Affect ,
Behavior , Cognition and Desire , expressing these ABCD subelements through explicit relational dynamics
between them within the same self -state. If a self -state is described , relational dynamics between its
ABCD subelements MUST also be described. Dynamics within a self -state are relational patterns between

two or more subelements within the same self -state. These dynamics may be directional or reciprocal ,
such as co-activation , mutual reinforcement , exacerbation of one element by another , amplification of
one element by another , or other structured interactions. This list is not exhaustive; other forms of
dynamics may also be identified where conceptually appropriate. These relational dynamics between
subelements within a self -state should be described as they unfold across the sequence , noting how they
change over time.

3. Relationship between the adaptive and maladaptive self states and their relative presence: Describe how
the adaptive and maladaptive self -states relate to one another and how that changes throughout the
sequence. Describe how the relative presence and dominance of the adaptive and maladaptive self -states
shifts across the sequence. This may include: one self -state dominating the other , suppressing or
silencing the other , or both self -states coexisting through reflective dialogue. Use presence scores to
support comparison over the sequence , but do not print numeric scores in the output. Additionally ,

examine whether dynamics occur between ABCD subelements across opposite self -states (suppression/
attenuation , reflective dialogue , dominance competition , resilience or other structured interactions).
If such crossself -state dynamics are present in the sequence , they MUST be described.

### Summary Guidelines
- The identity of the change event (Switch or Escalation) should be explicitly stated in the summary
- The direction of the change (improvement/deterioration) must be indicated - several changes in direction

of change may be present in a sequence.
- It should be explicitly stated what dynamics characterized the pre -change phase , and how these dynamics

culminated in the change event (in the case of a Switch) or unfolded through the change process (in the
case of an Escalation).

- It should be explicitly stated in the summary when the change event occurs. Please note that a Switch
event occurs within a single post , whereas an escalation unfolds across multiple posts.

### Guidelines for the Output
- The generated summary must not exceed 350 words.
- The summary should be a paragraph of text , not in a list. Do not add sections or titles.
- Generate only the summary as described , do not add any extra text or explanations.

### Input
{{ INPUT_SEQUENCE_POST_TEXT_AND_PIPELINE }}

### Output

Listing 6: Prompt for Task 3.1 Baseline 2.
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### Task
Your goal is to identify and summarize recurrent dynamic patterns of deterioration (

a switch towards lower well -being , or an escalation of deterioration) or
improvement (a switch towards higher well -being , or an escalation of improvement
) that recur across multiple sequences.

### Input Description
You will be given a series of post sequence summaries. These summaries describe

patterns of self -state dynamics and their progression over time within a
sequence of posts surrounding a change (Switch and/or Escalation). You will also
be given their sequence_id and timeline_id.

### Definitions
- Switch: A switch reflects a substantial and sudden change in well -being between

two consecutive posts. A switch occurs when |Wellbeing(t) Wellbeing(t1)| 2.
The change may reflect either improvement or deterioration.

- Escalation: An escalation refers to a gradual intensification of mood over a
sequence of consecutive posts. It occurs when an individuals mood progressively
shifts from neutral or mildly valenced , toward a more extreme state (very
negative or very positive) across a span of posts.

- Signature: Describes a recurrent dynamic pattern (ABCD + self -state relations)
observed across individuals that leads to and culminates as the change occurs.

### Pattern Identification
Across timelines , identify the most frequent patterns in:
- Central Theme: Recurrent themes of deterioration or improvement articulated in

ABCD elements
- Dynamics within self -states: Recurrent ABCD configurations (separately for the

maladaptive and adaptive self states), dynamics among subelements within the
same self -state , changes in presence of a self state across the sequence leading
to and through the change event.

- Dynamics between self -states: Patterns in the balance between self -states in terms
of presence over time (patterns of dominance versus coexistence), is there a

dialogue/reflection between the self states or silencing dominance and how does
this change over time , dynamics between subelements from different self -states
over time.

### Output Content

#### Signature Summary
- Based on the identified patterns , you must extract both extract 1 signature of

deterioration and 1 signature of improvement.
- A signature does not have to include both within -state and between -state dynamics;

it may be based on recurrent dynamics within a self -state , between self -states ,
or a combination of both. The more details a signature contains , the higher it

will be scored; therefore , a combination of details will yield a higher score.

### List of Evidence
- Along with each signature summary , list the sequence_id and timeline_id of

supporting evidence.
- In the case of a signature of improvement , identify which sequence_id and

timeline_id exhibits this signature.
- In the case of a signature of deterioration , identify which sequence_id and

timeline_id exhibits this signature.

### Guidelines for the Output
- Separate your response into 2 sections: '### Signature of Deterioration ' and '###

Signature of Improvement '.
- Output the signature summary , then the list of evidence.
- Each signature summary should not exceed 90 words.

### Input
{{ INPUT_SEQUENCE_SUMMARIES }}

### Output

Listing 7: Prompt for Task 3.2 baseline.

417



Example Input post:
Im searching for someone who could help keep me accountable with daily exercise and

prevent late -night binge eating. I have a heart issue that involves low blood
pressure (it doesnt increase with activity) along with a high heart rate. I need
to do light activities , such as walking , every day to maintain my strength and

energy. If I skip even one day , it becomes very difficult to get out of bed the
following day , so staying consistent is essential for my health.

Im not overweight , but I sometimes overeat at night and would really value support
in avoiding that pattern. When I consume a large amount of carbs or calories at
once , it seems to worsen my symptoms. I feel more lightheaded and notice my
heart rate climbing. Because of that , I really need to prevent those episodes ,
but at times my depression and lack of motivation take over and I end up
thinking "forget it" and doing it anyway.

Having someone to talk to during those moments would make a big difference. I
usually begin binge eating around 1011pm. If anyone is willing to help me stay
motivated about my health , Id truly appreciate it. We could support and
encourage one another.

Example output self -state(s) composition:

Adaptive Self state:
A: (5) Content , happy , joy , hopeful
B-O: (1) Relating behavior
B-S: (1) Self care and improvement
C-O: (1) Perception of the other as related
D: (5) Competence , self esteem , self -care

Maladaptive Self state:
A: (4) Depressed , despair , hopeless
B-S: (2) Self harm , neglect and avoidance
D: (6) Expectation that competence needs will not be met

Listing 8: Example of Expected Input and Output for Task 1.1.

Example Input post:
Im searching for someone who could help keep me accountable with daily exercise and

prevent late -night binge eating. I have a heart issue that involves low blood
pressure (it doesnt increase with activity) along with a high heart rate. I need
to do light activities , such as walking , every day to maintain my strength and

energy. If I skip even one day , it becomes very difficult to get out of bed the
following day , so staying consistent is essential for my health. Im not
overweight , but I sometimes overeat at night and would really value support in
avoiding that pattern. When I consume a large amount of carbs or calories at
once , it seems to worsen my symptoms. I feel more lightheaded and notice my
heart rate climbing. Because of that , I really need to prevent those episodes ,
but at times my depression and lack of motivation take over and I end up
thinking "forget it" and doing it anyway. Having someone to talk to during those
moments would make a big difference. I usually begin binge eating around 1011pm

. If anyone is willing to help me stay motivated about my health , Id truly
appreciate it. We could support and encourage one another.

Presence scores:

Adaptive Self state presence score: 4

Maladaptive Self state presence score: 2

Listing 9: Example of Expected Input and Output for Task 1.2 (Presence Scores).
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Example Input post:

Post t: "Thanks so much for the advice on how to take care of my hair. Im very
pleased with the result , and its made me feel so much better about myself ".

Post t+1: "Its becoming more and more difficult to manage. Living with a chronic
illness and trying to cope with everything that comes with it feels overwhelming
lately. Im struggling a lot. I often feel worthless , and sometimes I convince

myself that being sick means Im undeserving of love. I keep wondering what the
point is if I cant have the kind of love and life I want. I know logically that
other people with chronic illnesses still deserve love and care , so I dont
understand why I have such a hard time believing that about myself. I dont
really know how to deal with these feelings anymore. My thoughts have been
getting darker , and that scares me, especially because Ive been in that place
before. I know I need help , but Im terrified of being admitted again because my
past experience at the hospital was awful. The last time I felt ignored and
unsafe , and it made everything worse instead of better. So right now I feel
stuck , like I need support , but I dont trust the place that is supposed to help.
Maybe I just needed to get this out of me. I just feel so unworthy of love and

even of life sometimes , and its getting harder and harder to keep coping ".

Post t+2: "I plan to harm myself. I want to fall asleep and stay that way forever. I
want to escape this reality. I dont want to feel so awful anymore. I feel as if
love and kindness are just not meant for me. I want to apologize to anyone whom
I might have hurt. Please forgive me. Ill try to sleep and hope it feels a

little lighter later".

Example output of change label:

Post t: 0 (Escalation label), 0 (Switch label)

Post t+1: E (Escalation label), S (Switch label)

Post t+2: E (Escalation label), 0 (Switch label)

Listing 10: Example of Expected Input and Output for Task 2 (Change Detection).
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Example Input: Timeline d0fb4b962e; Posts: 6, 7, 9, 10

Post index 6
MOC label: -
Wellbeing score = 7
Maladaptive presence: 1, Adaptive presence: 3
Maladaptive self -state composition: -
Adaptive self -state composition: B-O - (1) Relating behavior , D - (1) Relatedness
Post: "Does anyone here have a job? I know this isnt really related to the sub , but

I was curious whether anyone here is employed. If so, what kind of work do you
do?"

Post index 7
MOC label: -
Wellbeing score = 7
Maladaptive presence: 3, Adaptive presence: 2
Maladaptive self -state composition: A - (4) Depressed , despair , hopeless , B-S - (2)

Self harm , neglect and avoidance , C-S - (2) Self criticism , D - (6) Expectation
that competence needs will not be met

Adaptive self -state composition: A - (11) Proud , B-S - (1) Self care and improvement
Post: "After a week , Im back to square one. I was really proud that I managed to go

seven days without drinking , but I ended up relapsing. And it was to Vodka. It
makes me feel terrible , thinking that I might never be able to stop drinking
that shitor alcohol in general ."

Post index 9
MOC label: Escalation
Wellbeing score = 6
Maladaptive presence: 4, Adaptive presence: 2
Maladaptive self -state composition: A - (4) Depressed , despair , hopeless , B-S - (2)

Self harm , neglect and avoidance , B-O - (2) Fight or flight behavior , C-S - (2)
Self criticism , C-O - (2) Perception of the other as detached or over attached ,
D - (2) Expectation that relatedness needs will not be met

Adaptive self -state composition: B-O - (1) Relating behavior , D - (5) Competence ,
self esteem , self -care

Post: "When relatives or friends bring it up, I wish I could be honest with them ...
Has anyone here spoken with a psychologist? If so, what was your experience like
, and did it help?"

Post index 10
MOC label: Switch , Escalation
Wellbeing score = 4
Maladaptive presence: 5, Adaptive presence: 2
Maladaptive self -state composition: A - (4) Depressed , despair , hopeless , B-O - (2)

Fight or flight behavior , C-S - (2) Self criticism , C-O - (2) Perception of the
other as detached or over attached , D - (6) Expectation that competence needs
will not be met

Adaptive self -state composition: D - (5) Competence , self esteem , self -care
Post: "All of this feels like its going to affect me in my future responsibilities

... I sometimes think it would be better if I werent here causing stress for
everyone ."

Sequence Summary:
The central psychological theme revolves around the writers struggle with persistent

self -doubt (C-S) and social anxiety (A), shifting from initial attempts at
engagement (B-O) and self improvement (B-S) towards escalating despair (D) ,(A).
Initially , the adaptive self -state is prominent , characterized by the writers
desire to seek knowledge from others (D), exhibited in relating behavior (B-O).
Then , the adaptive self -state loses presence while the maladaptive state gains
dominance. The adaptive state is characterized by the writer exhibiting self -
care behavior (B-S) which reinforced feelings of pride (A). But the maladaptive
self -state dominates , overshadowing the adaptive state , instead featuring self -
criticism (C-S) following engagement in the addictive behavior (B-S),
intensifying despair (A) and the expectation that improvement is impossible (D)
...

Listing 11: Example of Expected Input and Output for Task 3.1 (Sequence Summary).
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Examples of Recurrent Dynamic Signatures of change:
These are mock examples and are not based on real data. They illustrate
high -level dynamic patterns , including both within -self -state and
between -self -state interactions.

Example for signatures of deterioration:
Many sequences of deterioration show a progression from initial self -neglect

behavior (B-S) into more severe self -harm behaviors (B-S), mediated by a gradual
intensification of self -criticism (C-S) that is mutually reinforcing with

anxious affect (A), reflecting the growing dominance of the maladaptive state.
This intensification increasingly suppresses the adaptive state , where
perceptions of others as facilitating needs (C-O), driven by the desire for
competence (D), become overshadowed by the maladaptive dynamic.

Example for signatures of improvement:
Many sequences of improvement show a progression from an initial strong maladaptive

feedback loop between detached perceptions of others (C-O) and depressive affect
(A), which suppresses the adaptive state , into a reduced maladaptive presence.

This is followed by a dominant adaptive feedback loop where self -acceptance (C-S
) fuels relating behavior (B-O), mutually reinforcing with the desire for
autonomy (D).

Listing 12: Examples of Recurrent Dynamic Signatures of Change.
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