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Abstract

Most existing work on mental health predic-
tion from language focuses on isolated posts,
overlooking temporal dynamics in longitudinal
timelines. We present McMaster NLP’s sys-
tem for the CLPsych 2026 Shared Task, which
centers on modeling mental health dynamics in
social media timelines using the MIND frame-
work (Atzil-Slonim, 2025). The task com-
prises: (1) identifying adaptive and maladap-
tive self-state components within posts, (2) de-
tecting moments of change in wellbeing, and
(3) generating structured summaries. For self-
state prediction, we leverage LLM-generated
archetypal representations of language use as
semantic anchors within a dual-encoder archi-
tecture, enabling interpretable prediction of
subelements and their intensities through align-
ment with prototypical expressions of psycho-
logical states. For temporal dynamics, we
use BiLSTM-based sequence models to de-
tect moments of change. For summarization,
we employ a prompt-based LLM to generate
grounded, structured summaries emphasizing
causal interactions and temporal progression of
self-states. Finally, we analyze model failure
modes with respect to human evaluation and
identify directions for reconciling the MIND
framework with how state-assessment models
encode meaning.

1 Introduction

Mental health disorders affect over one billion peo-
ple worldwide, impacting reasoning, emotions, and
social behaviour (Stein et al., 2020; World Health
Organization, 2025). Early detection is critical to
alleviate the severe consequences of these condi-
tions, yet traditional methods for assessing mental
health largely rely on face-to-face interviews, self-
reporting, or questionnaires, which are limited by
bias and barriers to care (Lin et al., 2017). Natural
Language Processing (NLP) models of language
on social media have the potential to overcome

these limitations by leveraging behavioural and lin-
guistic cues to model mental health at scale (Atzil-
Slonim, 2026), but most prior work focuses on
analyzing individual posts in isolation (Chancellor
and De Choudhury, 2020). Longitudinal analy-
sis of temporally ordered social media timelines
remains comparatively understudied (Tsakalidis
et al., 2022).

We present our submission to the CLPsych 2026
Shared Task (Ali et al., 2026), which addresses
modeling mental health dynamics in social me-
dia timelines using the MIND framework (Atzil-
Slonim, 2024, 2025). The task comprises: (1) iden-
tifying adaptive and maladaptive self-state com-
ponents within posts, including dominant ABCD
subelements and presence levels; (2) detecting
moments of change in wellbeing, including both
abrupt transitions (switches) and gradual progres-
sions (escalations); and (3) generating structured
summaries of self-state sequences surrounding
change events. The task extends the prior year’s
shared task (Tseriotou et al., 2025) with finer-
grained application of the MIND framework.

We propose a multi-stage framework combin-
ing representation learning, sequence modeling,
and prompt-based summarization (Figure 1). For
Task 1, we employ a dual-encoder pipeline that inte-
grates contextual semantic embeddings with align-
ment features derived from prototypical ABCD
self-state descriptions, followed by multi-output
classification and regression models to predict
subelements and presence scores. For Task 2, we
model timelines as ordered sequences using BiL-
STM architectures to capture temporal dependen-
cies and identify both abrupt and gradual changes
in wellbeing. For Task 3, we adopt an iterative
prompt-engineering approach with an LLM to gen-
erate summaries that capture self-state dynamics
and change processes.

Our analysis reveals systematic failure modes in
how encoding models represent psychological con-
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structs, including a tendency to overpredict adap-
tive states and to conflate stylistic cues such as
verbosity with markers of wellbeing. We further ex-
amine the operationalization of wellbeing through
the GAF scale used in the shared task, discussing
its limitations with respect to construct and eco-
logical validity, and suggest future work explore
alternative operationalizations with updated well-
being measures adapted to social media contexts.

2 Methodology

TASK 1: POST-LEVEL ABCD SUBELEMENT
CLASSIFICATION AND PRESENCE REGRES-
SION. The objective is to identify adaptive and
maladaptive self-states expressed in posts using
the MIND framework, which is divided into iden-
tifying dominant ABCD elements and subele-
ments (Sub-task 1.1) and estimating the degree
of presence of each self-state within a post (Sub-
task 1.2). We approach Task 1 as a feature-
engineering problem solved by per-target linear
models, motivated by the small labeled corpus
(30 timelines). Each post is represented by an
800-dimensional vector formed by concatenat-
ing two complementary encodings. The first
is a 768-dimensional contextual embedding ob-
tained by mean-pooling the final hidden states
of mental/mental-roberta-base, a RoBERTa
variant adapted to the mental-health domain (Ji
et al., 2022). For the rest of the 32-dimensions,
we used the archetype framework (Varadarajan
et al., 2024; Mahwish et al., 2026). We de-
rive a vector of cosine similarities between the
post and 32 first-person sentences of the ABCD
framework that were generated by ChatGPT 5.1
(see Appendix B). Posts and archetypes are inde-
pendently encoded by sentence-transformers/
all-MiniLM-L6-v2 (Reimers and Gurevych,
2019; Reimers, 2021), an encoder optimized for se-
mantic textual similarity. This dual-encoder design
separates the two roles of the representation: Men-
talRoBERTa captures rich mental-health-related
contextual semantics, while MiniLM provides
linguistic alignment scores against each ABCD
archetype.

Given these 800-dimensional features, we
train two independent linear systems. For Sub-
task 1.1, we fit one multinomial logistic regres-
sion per element × valence target, wrapped in a
MultiOutputClassifier. Each target is a sin-
gle multi-class label where class 0 means “ele-

ment absent” and classes 1. . .K index the subele-
ment (K ∈ {2, 4, 6, 14}, depending on the ele-
ment). For Sub-task 1.2, we fit a ridge regressor
(α=1.0) for each of the two presence scores using a
MultiOutputRegressor; predictions are bounded
to [1, 5] and rounded to integers.

Both systems are trained on an 80/20 split made
at the timeline level, so no timeline appears in
either half. We augment the training data us-
ing ModernBERT-base to fill ABCD-conditioned
masked tokens and discard low-quality generations,
growing the training set from 312 to 495 posts
(+58.7%).
TASK 2: IDENTIFYING MOMENTS OF
CHANGE. The objective is to detect moments of
change in wellbeing, which is broken into detecting
abrupt transitions (switches, Sub-task 2.1) and
gradual development from mild to more extreme
states (escalations, Sub-task 2.2). We address the
two sub-tasks with complementary models that
share the same mental/mental-roberta-base
post encoder, motivated by their different temporal
characters: switches are sharp transitions, whereas
escalations span over the timeline.

For Sub-task 2.1, we frame the problem as well-
being regression followed by a difference-based
decision rule. Each post is represented by a
780-dimensional feature vector that concatenates
(i) ten cosine similarities between the post and
ten GAF-aligned archetype sentences encoded us-
ing all-MiniLM-L6-v2 (Reimers and Gurevych,
2019; Reimers, 2021), (ii) the previous post’s well-
being score, (iii) a Language Style Matching (LSM)
score (Ireland and Pennebaker, 2010) with the pre-
vious post, and (iv) the 768-dimensional mean-
pooled MentalRoBERTa embedding of the current
post. A Ridge regressor predicts the wellbeing
score ŷt, and a post is labeled as a switch whenever
|ŷt − ŷt−1| ≥ 2, mirroring the two-point gap that
the annotation guidelines associate with clinically
salient transitions.

For Sub-task 2.2 (Escalation), posts in a time-
line are arranged chronologically into a (T, 768)
MentalRoBERTa embedding sequence and fed to
a single-layer bidirectional LSTM (Schuster and
Paliwal, 1997). Although an ablation also explored
concatenating the wellbeing score and per-timeline
∆wellbeing (each projected to 32 dimensions in-
side the network), these scalar features did not yield
consistent gains over the embedding-only config-
uration, and the trend information they carry is
largely captured by the BiLSTM’s temporal mod-
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eling. Given that only ∼24 timelines are avail-
able for training, the network is optimized with
BCEWithLogitsLoss whose pos_weight is set to
the negative-to-positive ratio of the training labels
to mitigate the heavy class imbalance.
TASK 3: SUMMARY OF CHANGE. The goal is to
characterize and summarize psychological change
dynamics surrounding moments of change in so-
cial media timelines, which is split into generating
sequence-level summaries of self-state progression
around change events (Sub-task 3.1) and identify-
ing recurrent dynamic signatures of deterioration
and improvement across multiple timelines (Sub-
task 3.2). We use Qwen3.5-9B (Team, 2026) in a
two-stage, prompt-based pipeline without model
fine-tuning, where both stages rely on carefully
structured prompts to enforce consistency, ground-
ing, and interpretability.

For Task 3.1, the prompt specifies explicit tem-
poral segmentation, requiring the model to anchor
descriptions in time and identify a single domi-
nant change process, while also characterizing how
psychological states evolve. It further enforces rela-
tional reasoning by directing the model to describe
interactions among ABCD elements in terms of
reinforcing or suppressive dynamics, rather than
listing them independently. Additional constraints
ensure that all inferences remain grounded in the
provided data and that outputs emphasize causal ex-
planatory structures over surface-level description.

For Task 3.2, the prompt is designed to extract
structured change signatures by guiding the model
to implicitly group and compare patterns before
synthesizing them into concise representations. It
enforces grounding in prior summaries, limits re-
dundancy by constraining the number of supporting
examples, and requires uniqueness and specificity
in the extracted evidence. Our prompts can be
found in Appendix D.

3 Results

Tables 2–6 summarize our official results for all
tasks. Each task’s results show the comparison of
our system against the shared-task baseline. Our
systems consistently outperformed the provided
baselines on Task 1, showed mixed results on Task
2, and had competitive behaviour in selected cases
for Task 3.

Our system ranked seventh for Task 1.1, outper-
forming the baseline across all reported metrics.
On the primary ranking metric, Avg Sub Macro

F1, our system achieved 0.351 compared with
the baseline score of 0.247. The largest improve-
ment was observed in predicting adaptive subele-
ments, where our system achieved 0.317 compared
with the baseline’s 0.156. These results suggest
that the MentalRoBERTa-based representation and
ABCD archetype similarity features helped cap-
ture subelement-level distinctions, particularly for
categories involving broader semantic information.

For Task 1.2, our system also ranked seventh and
improved over the baseline on the primary metric.
Improvements were observed for both maladaptive
and adaptive presence ratings, with Mal RMSE
decreasing from 1.439 to 0.957 and Adp RMSE
decreasing from 1.409 to 1.112. However, the
baseline obtained slightly higher QWK and Spear-
man correlation scores, indicating that although
our model produced more accurate absolute pre-
dictions, its ordinal agreement and rank correlation
with the gold ratings were not consistently better
than the shared-task baseline.

For Task 2, our system ranked eleventh on the
combined Macro F1 metric. It achieved a combined
Macro F1 of 0.412, outperforming the Llama zero-
shot baseline and the Llama zero-shot plus Task 1.1
baseline, but falling below the TempoFormer base-
line. At the post level, our system obtained 0.375
escalation F1, 0.357 Macro F1, and 0.339 switch
F1. At the timeline level, performance was stronger
for escalation detection, where our system reached
0.660 escalation F1, but lower for switch detection,
with a score of 0.274 switch F1. This suggests that
the system was more effective at identifying broad
escalation regions than detecting exact switch
points. The gap between escalation and switch per-
formance highlights the difficulty of localizing dis-
crete moments of change in longitudinal sequences.

For Task 3.1, our system ranked ninth by
average rank. It achieved strong consistency
(CS) and contradiction (CT) scores, with CS
= 0.770 and CT = 0.761, both slightly higher
than the two baselines. However, it performed
worse on content-overlap metrics, obtaining a
ROUGE-L Recall of 0.208 and BERTScore Recall
of 0.255. This pattern suggests that our LLM-based
prompting strategy produced summaries that were
coherent and avoided contradiction, but sometimes
missed specific gold-reference content. In other
words, the system favored internally consistent and
non-contradictory summaries over maximal lexical
or semantic coverage.

For Task 3.2, our system showed asymmetric
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performance across improvement and deterioration
directions. For improvement signatures, our sys-
tem ranked fourth and outperformed the baseline
on fit, specificity, and overall score, achieving an
overall score of 0.594 compared with the baseline’s
0.389. However, for deterioration signatures, our
system ranked eighth and underperformed the base-
line, with an overall score of 0.211 compared with
0.483. This indicates that the model was more ef-
fective at identifying patterns of improvement than
deterioration. One possible explanation is that im-
provement signatures may contain more explicit
recovery cues, whereas deterioration may involve
subtler or more gradual negative changes that are
harder to summarize reliably.

Taken together, the results show that our
strongest performance was obtained on Tasks 1.1
and 1.2, where embedding and archetype-based fea-
tures consistently improved over the baselines. For
Task 2, the model captured escalation more effec-
tively than switch localization, suggesting that fu-
ture work should focus on temporal boundary mod-
eling. For Tasks 3.1 and 3.2, the results suggest that
prompt-based summarization can produce coherent
outputs, but further work is needed to improve con-
tent recall and robustness for deterioration-oriented
explanations.

4 Analysis

TASK 1. We perform error analysis on a held-out
20% split of the training data (46 posts, 6 time-
lines), examining: (i) element-level false positives
and false negatives; (ii) subelement identity errors
given correct presence detection; and (iii) stylistic
correlates of error.

Asymmetry of adaptive/maladaptive model pre-
dictions. The model overpredicts adaptive ele-
ments: in 8 of 9 posts with no true adaptive labels,
the model incorrectly assigns at least one adaptive
label. Overall, this results in 74 false positive (FP)
adaptive element instances, compared to 27 for mal-
adaptive elements. Per-element adaptive FP rates
range from 41.7% to 64.1%, versus 14.3%–38.7%
for maladaptive, indicating a clear bias toward pre-
dicting adaptive self-states broadly.

Subelement confusion on affect and desire. We
plot confusion matrices for each element–valence
pair (Figure 4). Errors are concentrated in the adap-
tive elements of affect (A; 7 subelements) and de-
sire (D; 3 subelements). Even when the model
correctly detects the presence of an adaptive A

element, it identifies the correct subelement only
20.0% of the time; for adaptive D, this improves to
47%. Since affect and desire are among the most
abstract dimensions in the MIND framework, these
patterns suggest the model captures general emo-
tional tone but struggles to distinguish finer-grained
self-state distinctions.

Errors associated with style and themes. We
analyze how error rates vary with post style by
manually annotating 46 posts for seven features
(e.g., length, self-deprecation, suicidality), with
consensus labels from two annotators. We then test
associations between features and error counts us-
ing nonparametric tests with Bonferroni correction.
The most striking result is that longer posts and self-
deprecating language substantially increase adap-
tive FPs. For example, long posts yield over 4×
more adaptive FPs than short ones. This suggests
the model systematically misinterprets verbosity
and self-critical tone as signals of adaptive coping,
rather than vulnerability.
TASK 2. Since Task 2 is defined over longitudinal
emotional development, we analyze model behav-
ior at the timeline level rather than post-level error
analysis. Individual posts may contain partial evi-
dence of escalation, while the S/E process is better
understood as a gradual development across multi-
ple posts.

Task 2.1 ablation results (Figure 2) show that pre-
dicting the continuous wellbeing score with Ridge
regression and then applying a threshold generally
outperforms direct binary switch classification with
Logistic Regression. This suggests that switches
are more naturally modeled as changes in contin-
uous wellbeing dynamics rather than as isolated
binary post-level events.

For Task 2.2, Figure 5 shows the BiLSTM prob-
ability curves are relatively smooth and often in-
crease around gold escalation spans, suggesting
that the model captures broad temporal patterns
rather than reacting only to isolated posts. How-
ever, the model sometimes starts increasing slightly
before the annotated span or remains high after the
span ends. These cases indicate that many errors
are better understood as boundary-localization or
probability-calibration errors rather than complete
post-level misclassifications.

Finer-grained error analysis reveals a consis-
tent pattern across both sub-tasks. For Task 2.1,
the error-rate-by-P(Switch) bucket plot (Figure 6)
shows errors concentrated in mid-confidence buck-
ets, while high- and low-confidence predictions
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have better performance; the error-rate-vs-post-
length plot is roughly flat (Figure 7), with only
very short posts showing slightly higher error rates
due to limited textual signal. For Task 2.2, the BiL-
STM diagnostics follow a similar pattern: errors
are localized in the mid-P(E) range rather than at
the extremes (Figure 8), and post length shows no
strong monotonic effect on error rate (Figure 9). To-
gether, these results indicate that Task 2 errors are
driven mainly by borderline, ambiguous posts near
trajectory boundaries rather than by surface-level
post length.

Overall, Task 2 performance appears to be driven
by the model’s ability to learn gradual wellbeing
dynamics from timeline-level context. Because S/E
escalation is a developmental process with discrete
annotated boundaries, small mismatches between
predicted and gold spans are expected.

5 Discussion and Future Work

Finally, we raise a further discussion about the
operationalization of "wellbeing" and avenues for
future work. The Global Assessment of Function-
ing (GAF) is a measure of illness severity that was
included in multiple previous iterations of the Diag-
nostic and Statistical Manual (DSM) (Piersma and
Boes, 1997). However, due to concerns regarding
reliability and clinical utility (Abuse and Admin-
istration, 2016), the APA replaced the GAF in the
DSM-5 with the World Health Organization Dis-
ability Assessment Schedule (WHODAS-2). Pre-
vious work has found GAF to have weak inter-
rater reliability (Grootenboer et al., 2012; Vatna-
land et al., 2007), and requires clinicians to assign
a value 0-100 to describe the patient’s impairment,
where lower scores indicate greater functional im-
pairment and higher scores indicate better overall
functioning. The WHODAS-2, on the other hand,
is a semi-structured questionnaire measuring func-
tioning across different domains, combined into a
total disability score (Gspandl et al., 2018).

This background points to avenues for future
work into operationalizations of wellbeing to ad-
dress its construct validity and ecological validity.
Regarding construct validity, while our model’s
performance in Sub-task 2.1 (detecting switches)
reflect limitations in our model design, the cur-
rent GAF-based wellbeing operationalization may
be more limited in measuring the underlying la-
tent construct than a measure like WHODAS-2,
considering the aforementioned psychology liter-

ature. Weaker construct validity suggests a weak-
ened ability to accurately capture the intended clin-
ical construct across modeling approaches. There-
fore, future research could investigate operational-
izations based on the WHODAS-2 and/or a more
direct measure of clinical wellbeing such as the
WHO-5 wellbeing Index (Topp et al., 2015). How-
ever, applying a measure designed for clinician
administration, which relies on clinical expertise
and understanding of the patient, to social media
posts is a significant departure from its intended
use and domain; this implies weaker ecological
validity. This contextual difference may introduce
additional noise to the labels on top of the GAF
scale’s existing limitations. Therefore, updating the
wellbeing measurement instrument with an existing
validated clinical instrument alone may not be suf-
ficient; rather, empirical investigations are needed
into clinically-relevant measurement instruments
adapted to the social media context.

6 Conclusion

We presented a multi-stage framework for mod-
eling mental health dynamics in longitudinal social
media data for the CLPsych 2026 Shared Task,
combining LLM-generated archetypes for self-
state prediction, sequence modeling for change
detection, and prompt-based summarization. Our
results showed that LLM-derived archetype repre-
sentations, constructed without any clinical exper-
tise, can still improve over purely encoder-based
approaches while remaining interpretable. This
offers a promising alternative to relying solely on
extensively validated, time-consuming, manually
constructed archetypes. Our analyses highlighted
systematic mismatches in the MIND framework
and the performance of encoding models: our
models overpredict adaptive states, collapse
distinctions between affect and desire, and misread
stylistic cues such as verbosity or self-deprecation
as signs of wellbeing. These patterns suggest that
models rely on surface-level signals rather than
capturing underlying psychological structure. This
highlights the need for tighter alignment between
theory-driven constructs and learned represen-
tations in longitudinal mental health modeling.
Finally, we reflected on the operationalization of
wellbeing in this shared task, and suggested future
directions that explore alternative operational-
izations with updated wellbeing measurement
instruments adapted for social media posts.
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Limitations

This study has several limitations. First, the
data is limited to English social media posts and
does not include author demographic information.
Therefore, our findings may not generalize across
languages, platforms, cultures, or specific demo-
graphic groups.

Second, the dataset is highly imbalanced. Some
ABCD subelements have very few or even no
training examples, and some classes are extremely
sparse or missing. This limits the generalizability
of standard classifiers or regressors, which may
overfit frequent labels and perform poorly on rare
classes.

Third, we did not explore a sequential or joint
pipeline across subtasks. Although predictions
from one task could potentially inform another,
such a setup may also introduce noise. Future work
should investigate whether joint modeling can im-
prove consistency while reducing downstream er-
ror.

Fourth, our Task 3 system was mainly based
on prompt engineering, and we did not conduct a
broad comparison across different LLMs or sum-
marization methods. Thus, the results reflect one
prompting-based approach rather than a compre-
hensive model comparison.

Finally, our archetype similarity features were
based on LLM-generated archetypes. While these
provided richer semantic descriptions than label
names alone, they may contain biases or incom-
plete interpretations. Future work should involve
clinical experts in writing or validating archetypes,
as well as in assessing the safety, practicality, and
clinical relevance of the overall approach.

Ethics

Although this work may help inform clinical prac-
tice, it is critical that the implications of our find-
ings are considered in combination with interven-
tion by mental health professionals. Mental health
conditions are highly prevalent and often go un-
treated, especially in marginalized communities
(Cook et al., 2017). As such, machine learning
models may be useful in early detection of mental
health challenges through social media language
that may otherwise go undetected. This technology
should be utilized as a way to connect individuals
to mental health care who might otherwise lack
access rather than be used as a way to deliver or
replace psychiatric intervention.

It is also critical to consider the stigma associ-
ated with mental health conditions when analyzing
social media language related to maladaptive be-
haviors (Clement et al., 2015). Interventions or
other mental health detection strategies informed
by this work should be carefully designed with the
input of clinicians to avoid further stigmatization
of those at risk of mental illness.
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A Code Availability

Our code is available at https://github.com/
McMasterNLP/CLPsych-2026-McMasterNLP.

B Archetype Sentences

We used ChatGPT (accessed April 2026) to
rephrase the subelements of the ABCD scheme.
There are 32 elements across the adaptive and mal-
adaptive sections. The elements are rephrased to be
expressed in first person such that we can compare
the embedding to the posts in our data. Table 1
shows each sentence we used. This is inspired by
the archetype similarity approach used by Varadara-
jan et al. (2024).

C Style Annotations

1. Length: Short (roughly 1–30 tokens),
medium (30–200 tokens), or long (over 200
tokens).

2. Off-topic: Posts whose primary content was
unrelated to mental health, including jokes,
community pleasantries, and questions on un-
related topics (e.g., video games, entertain-
ment trivia, general lifestyle questions). On-
topic posts concerned the author’s mental,
emotional, or behavioral state.

3. Help-seeking: Posts that explicitly referenced
seeking assistance, such as asking about med-
ication, requesting advice, or expressing a de-
sire for connection.

4. Humor or sarcasm: Posts containing at least
one passage with non-literal communicative
intent, including ironic understatement (e.g.,
“well, this is fine”), self-mocking exaggera-
tion (e.g., “classic me, ruining everything”),
or absurdist framing of distress (e.g., “time to
befriend the void”).

5. Self-deprecation: Posts containing explicit
negative self-evaluation, framed either seri-
ously or comically (e.g., “I’m such a loser,” “I
always mess up,” “nobody likes me anyway”).

6. Somatic language: Posts containing first-
person descriptions of bodily sensations

linked to emotional state (e.g., “my chest feels
heavy,” “can’t sleep”).

7. Themes of suicidality: Posts containing ex-
plicit references to wanting to die, ending
one’s life, or self-harm. We use this broader
term rather than suicidal ideation because our
annotators do not hold clinical training; the
clinically meaningful distinction between pas-
sive death wishes, active ideation with intent,
and ideation with plan was not made at this
stage.
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Figure 1: System overview. A user’s temporally ordered posts (timeline) are the shared input. Task 1 operates
post-level, encoding each post with MentalRoBERTa and MiniLM archetype similarity features to classify self-
state components and rate their intensity. Task 2 operates longitudinally: switch detection uses regression with
temporal context to flag abrupt wellbeing changes (|∆| ≥ 2), while escalation uses a BiLSTM over the full timeline.
Task 3 generates structured summaries of change sequences and extracts recurrent patterns of deterioration and
improvement using a prompted LLM (Qwen3.5-9B).
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cos = MiniLM archetype similarities, mental = MentalRoBERTa). Left: Macro F1 for switch detection, comparing
Ridge→Threshold against direct Logistic Regression across seven feature sets. Right: Ridge RMSE for continuous
wellbeing prediction; dashed line marks the naïve baseline (RMSE = 1.843).

490



Dimension ID Archetype Statement

Affect (A)
A 1 I feel relaxed and steady, and things do not easily disturb my sense of balance.
A 2 I feel tense and worried, like something could go wrong at any moment.
A 3 I feel a deep sadness and emotional pain that is hard to shake.
A 4 I feel hopeless and weighed down, like nothing will really get better.
A 5 I feel genuinely happy and hopeful about my life and what lies ahead.
A 6 I feel intensely energized and unstoppable, like my mind is racing and everything is possible.
A 7 I feel energized and motivated, ready to take on challenges and move forward.
A 8 I feel emotionally numb and indifferent, like nothing really matters.
A 9 I feel angry about something unfair, and I want to stand up for what I believe is right.
A 10 I feel intense anger and hostility toward others, and it is hard not to lash out.
A 11 I feel proud of myself and what I have accomplished.
A 12 I feel ashamed of what I have done and keep blaming myself.
A 13 I feel valued and cared for, like I truly belong with others.
A 14 I feel alone and disconnected, like no one is really there for me.

Behavior toward Other (B-O)
B-O 1 I try to connect with others and respond to them with openness and care.
B-O 2 When others threaten or pressure me, I either confront them or withdraw to protect myself.
B-O 3 I interact with others in a balanced way, setting boundaries while respecting theirs.
B-O 4 I feel the need to tightly control situations or others so things do not go wrong.

Behavior toward Self (B-S)
B-S 1 I take care of myself and try to grow or improve my wellbeing.
B-S 2 I avoid taking care of myself and sometimes act in ways that harm or neglect my own needs.

Cognition of Other (C-O)
C-O 1 I see others as supportive and connected to me.
C-O 2 I feel that others are either distant from me or cling too tightly to me.
C-O 3 I feel that others support my independence and help me grow.
C-O 4 I feel that others restrict or interfere with my ability to be independent.

Cognition of Self (C-S)
C-S 1 I accept myself as I am and treat myself with understanding.
C-S 2 I constantly judge myself and feel like I am not good enough.

Desire (D)
D 1 I want meaningful connection and closeness with other people.
D 2 I feel like my need for connection will probably be rejected or ignored.
D 3 I want the freedom to make my own decisions and control my life.
D 4 I feel like I will not be allowed the independence I need.
D 5 I want to feel capable, confident, and proud of what I can do.
D 6 I feel like I will never be good enough or capable enough.

Table 1: LLM-generated ABCD archetype statements used to construct category-level similarity features. Each
statement represents a first-person semantic prototype for one ABCD category.

System Avg Sub Adp Pres Mal Pres Avg Pres Adp Sub Mal Sub
Macro F1↑ Macro F1↑ Macro F1↑ Macro F1↑ Macro F1↑ Macro F1↑

Ours (rank 7) 0.351 0.541 0.666 0.603 0.317 0.385
Baseline 0.247 0.392 0.605 0.498 0.156 0.338

Table 2: Task 1.1: Subelement Classification results. Avg Sub Macro F1 is the primary ranking metric. Adp =
Adaptive, Mal = Maladaptive, Pres = Element Presence, Sub = Subelement.

System Avg RMSE↓ Mal RMSE↓ Adp RMSE↓ QWK↑ Comb RMSE↓ Spear↑ MAE↓
Ours (rank 7) 1.035 0.957 1.112 0.526 1.037 0.570 0.799
Baseline 1.424 1.439 1.409 0.555 1.424 0.603 1.083

Table 3: Task 1.2: Presence Rating results. Avg RMSE (Maladaptive + Adaptive) is the primary ranking metric
(lower is better). Mal = Maladaptive, Adp = Adaptive, QWK = Quadratic Weighted Kappa, Spear = Spearman
Correlation, MAE = Mean Absolute Error.
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System Comb Post-level Timeline-level

MF1↑ Esc MF1 Sw Esc MF1 Sw

Ours (rank 11) 0.412 0.375 0.357 0.339 0.660 0.467 0.274

BL3 TempoFormer 0.572 0.667 0.561 0.456 0.736 0.583 0.430
BL2 Llama ZS + T1.1 0.365 0.407 0.383 0.359 0.343 0.346 0.350
BL1 Llama ZS 0.272 0.000 0.169 0.337 0.400 0.376 0.352

Table 4: Task 2: Identifying Moments of Change. Combined (Post/Timeline) Macro F1 is the primary ranking
metric. Comb = Combined, Esc = Escalation, Sw = Switch, MF1 = Macro F1, ZS = Zero-shot, T1.1 = Task 1.1
input. BL = Baseline.

System CS↑ CT↑ R-L↑ BERTscore↑ Avg Score Rank Avg

Ours (rank 9) 0.770 0.761 0.208 0.255 0.368 8.0
Baseline A 0.763 0.753 0.255 0.226 0.373 9.3
Baseline B 0.767 0.745 0.269 0.235 0.382 7.5

Table 5: Task 3.1: Change Sequence Summary. Score Rank Average is the primary ranking metric (lower is
better). CS = Consistency, CT = Contradiction, R-L = ROUGE-L Recall, BERTscore = BERTscore Recall.

Direction System Fit↑ Recurrence↑ Specificity↑ Overall↑

Improvement Ours (rank 4) 0.688 0.375 0.750 0.594
Baseline (rank 7) 0.375 0.438 0.375 0.389

Deterioration Ours (rank 8) 0.188 0.188 0.313 0.211
Baseline (rank 7) 0.563 0.375 0.438 0.483

Table 6: Task 3.2: Signatures for Improvement and Deterioration. Human evaluation. Scores are proportion
correct.

A B(S)
B(O

)
C(S)

C(O
) D

0

20

40

60

80

100

67.4

39.1 39.1 41.3
37.0

63.064.1

46.9 45.8 44.7 41.7

61.9

E
rr

or
ra

te
(%

)

Adaptive subelements

Overall error rate FP rate (label absent)

A B(S)
B(O

)
C(S)

C(O
) D

0

20

40

60

80

100

37.0 34.8

21.7 21.7

39.1
34.8

E
rr

or
ra

te
(%

)

Maladaptive subelements

Figure 3: Per-target error rates across 46 held-out posts. Left: Adaptive subelements, showing overall error
rate (blue) and false positive rate when the label is absent in the gold annotation (orange). Right: Maladaptive
subelements (overall error rate only). Adap-A and Adap-D exhibit the highest error and FP rates among all targets.

492



Adaptive elements

Abse
nt

Calm

Sa
d/g

rie
vin

g

Con
ten

t/h
op

efu
l

Jus
t. a

ng
er

Pro
ud

Fee
l lo

ve
d

Predicted

Absent

Calm

Sad/grieving

Content/hopeful

Just. anger

Proud

Feel loved

Tr
ue

14 3 5 10 1 6

1 1 1

1 1 1

1

adaptive-A

Abse
nt

Se
lf-c

are

Predicted

Absent

Self-care

Tr
ue

17 15

3 11

adaptive-B-S

Abse
nt

Rela
tin

g

Predicted

Absent

Relating

Tr
ue

13 11

7 15

adaptive-B-O

Abse
nt

Se
lf-a

cce
pt.

Predicted

Absent

Self-accept.

Tr
ue

21 17

2 6

adaptive-C-S

Abse
nt

Othe
r re

lat
ed

Othe
r fa

cil.

Predicted

Absent

Other related

Other facil.

Tr
ue

21 12 3

2 8

adaptive-C-O

Abse
nt

Rela
ted

ne
ss

Auto
no

my

Com
pe

ten
ce

Predicted

Absent

Relatedness

Autonomy

Competence

Tr
ue

8 7 1 5

4 3 2 1

1 1

2 5 1 5

adaptive-D

Maladaptive elements

Abse
nt

Anx
iou

s

Dep
res

sed
Man

ia

Apa
thi

c
Ang

ry

Asha
med

Lon
ely

Predicted

Absent

Anxious

Depressed

Mania

Apathic

Angry

Ashamed

Lonely

Tr
ue

12 1 1

3 1 1

1 3 13 2 2 1

1

1

2

1

maladaptive-A

Abse
nt

Se
lf-h

arm

Predicted

Absent

Self-harm

Tr
ue

19 12

4 11

maladaptive-B-S

Abse
nt

Fig
ht/

flig
ht

Con
tro

llin
g

Predicted

Absent

Fight/flight

Controlling

Tr
ue

29 7

1 7 1

1

maladaptive-B-O

Abse
nt

Se
lf-c

rit.

Predicted

Absent

Self-crit.

Tr
ue

11 6

4 25

maladaptive-C-S

Abse
nt

Othe
r d

eta
che

d

Othe
r b

loc
ks

Predicted

Absent

Other detached

Other blocks

Tr
ue

20 4 2

8 12

maladaptive-C-O

Abse
nt

Rela
t. u

nm
et

Auto
n. 

un
met

Com
p. 

un
met

Predicted

Absent

Relat. unmet

Auton. unmet

Comp. unmet

Tr
ue

14 2 3 1

4 1 3

1 4 1 12

maladaptive-D

Figure 4: Confusion matrices for all 12 element-valence targets across the 46 held-out posts. Rows = true subelement,
columns = predicted subelement. Value 0 = element absent. Adaptive-A and adaptive-D show the most subelement
confusion; the remaining adaptive elements have only one possible non-zero value.

493



D Task 3 Prompt Template

For Task 3, we used the following prompt template to generate structured change-sequence summaries.
The template was filled with the corresponding timeline identifier, sequence identifier, change type,
ordered post indices, ordered post IDs, and textual evidence for each sequence.

Task 3 Change-Sequence Summary Prompt

You are an expert annotator for psychological change-sequence summaries.
Your task is to generate a structured narrative summary for a sequence of chronologically ordered posts surrounding a
change event in wellbeing.
You must follow these rules exactly:

TASK
Write a sequence summary describing:
1. The central recurring psychological theme across the sequence.

2. The dynamics within the adaptive and maladaptive self-states.

3. The relationship between the adaptive and maladaptive self-states over time.

4. When the change event occurs.

5. Whether the change is a Switch or an Escalation.

6. Whether the direction is improvement or deterioration.

DEFINITIONS
• A Switch occurs within a single post.

• An Escalation unfolds across multiple posts.

• The sequence includes the pre-change phase and the change itself.

• The exact post where the change occurs is not explicitly marked, so infer it from the sequence.

• Presence scores indicate how strongly adaptive and maladaptive self-states are expressed, but do not print raw numeric
scores.

ABCD FRAMEWORK
Use these abbreviations whenever referring to elements:

• (A) = Affect

• (B-S) = Behavior toward self

• (B-O) = Behavior toward others

• (C-S) = Cognition toward self

• (C-O) = Cognition toward others

• (D) = Desire

STRICT REQUIREMENTS
• You must explicitly describe the pre-change phase.

• You must explicitly state when the change occurs in the sequence.

• You must explicitly state the change type, Switch or Escalation.

• You must explicitly state the direction, improvement or deterioration.

• You must describe how dynamics culminate in the change, for Switch, or unfold through it, for Escalation.

SELF-STATE DYNAMICS
• When describing a self-state, you must include relational dynamics between at least two ABCD elements, such as

mutual reinforcement, amplification, or suppression.

• You must describe how the presence of adaptive and maladaptive self-states changes over time.

• You must describe relationships between self-states using concepts such as dominance, suppression, coexistence, or
reflective dialogue.

GROUNDING
• Only include ABCD elements and dynamics supported by the provided data.
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• Do not hallucinate unsupported elements.

STYLE
• Write as one cohesive paragraph.

• Maximum 350 words.

• Be specific, analytic, and sequence-focused.

• No bullet points.

OUTPUT FORMAT
Return only:

Sequence Summary: <your summary paragraph>

CRITICAL OUTPUT REQUIREMENTS
• You must explicitly label the pre-change phase using the phrase: “In the pre-change phase,”

• You must explicitly specify when the change occurs using temporal grounding, such as early, middle, late in the
sequence, or between posts.

• You must explicitly state both the change type and direction together, such as “a Switch towards deterioration occurs”.

• Your summary must clearly follow this structure:

1. Pre-change phase
2. Change event or escalation process
3. Post-change phase

• You must describe how the relationship between adaptive and maladaptive states evolves over time, such as coexistence
to dominance to suppression.

• When describing a self-state, include at least one multi-element interaction involving two or more ABCD elements,
such as C-S reinforcing A, which drives B-S.

• Your output must begin exactly with: Sequence Summary:

INPUT
You will receive:

• timeline_id

• sequence_id

• change_type

• ordered posts with structured annotations

IMPORTANT
Use only the provided structured fields and textual evidence. Do not assume access to any gold summary.

Now go ahead and write the summary for the following input.

—

Structured fields for this sequence
• timeline_id: {timeline_id}

• sequence_id: {sequence_id}

• change_type: {change_type}

• ordered post indices (chronological): {postindices}

• ordered post ids: {postids}

Textual evidence for the sequence

{summary}
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Figure 5: Escalation trajectories on four held-out test timelines. Blue solid line: wellbeing score (left axis). Red
dashed line: Bi-LSTM P (E) (right axis, dotted line at 0.5). Gold shading: ground-truth escalation spans.

Figure 6: Confusion matrices and confidence diagnostics for switch detection.

Figure 7: Error rate by post-length bucket for switch detection.
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Figure 8: Confusion matrices and confidence diagnostics for escalation detection.

Figure 9: Error rate by post-length bucket for escalation detection.
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