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Abstract

This paper describes the StateOfMIND team
submission to Task 1 of the CLPsych 2026
shared task on identifying adaptive and mal-
adaptive psychological self-states in social me-
dia posts. For each post, the task requires
systems to predict which fine-grained subele-
ments of a self-state are expressed (Task 1.1)
and to rate how strongly adaptive and maladap-
tive states are present (Task 1.2). We address
both subtasks with a retrieval-augmented in-
context learning ensemble of two open-weight
LLMs, Qwen3.5-27B and Mistral-Small-3.2-
24B-Instruct. Our approach combines label-
aware retrieval of in-context examples, a three-
prompt decomposition targeting adaptive con-
tent and the Affect element, and subtask-
specific ensemble rules that favor precision for
subelement classification and recall for pres-
ence rating. Our best submissions rank 2nd
of 17 teams on Task 1.1 (Macro F1 = 0.441)
and 5th of 17 teams on Task 1.2 (RMSE =
0.994), with ablations showing retrieval and en-
sembling as the largest drivers of performance.

1 Introduction

Large language models are increasingly used to
support mental health-related NLP, particularly
for interpreting psychological signals in user-
generated text (Guo et al., 2024; Malgaroli et al.,
2025). Yet clinically meaningful annotation often
requires mapping nuanced language onto special-
ized psychological constructs rather than detecting
broad sentiment or distress. The CLPsych shared
tasks provide a controlled setting for evaluating
such capabilities under limited-data conditions.

The CLPsych 2026 shared task (Ali et al.,
2026) builds on prior CLPsych work on mental
health modeling from social media (Tsakalidis
et al., 2022; Tseriotou et al., 2025). In particu-
lar, it extends the CLPsych 2025 task, which was
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grounded in the MIND framework (Atzil-Slonim,
2025, 2026). Following the ABCD view of per-
sonality states (Revelle, 2007), MIND represents
self-states through four component types: Affect
(A), Behavior toward Self and Others (B-S, B-O),
Cognition about Self and Others (C-S, C-O), and
Desire (D). These components define adaptive and
maladaptive self-states, which reflect how individ-
uals experience themselves and others at a given
moment. While the broader task emphasizes lon-
gitudinal modeling of self-states for mental health
analysis, Task 1 focuses specifically on post-level
identification of these components and their rela-
tive psychological centrality.

In this work, we address Tasks 1.1 and 1.2,
which require predicting ABCD subelement com-
positions (Atzil-Slonim, 2025) and estimating the
presence of adaptive and maladaptive self-states
for individual posts. The task is challenging be-
cause it combines sparse fine-grained labels, ordi-
nal presence ratings, and limited training data anno-
tated under a specialized psychological framework.
We propose a retrieval-augmented in-context learn-
ing system that annotates each post independently
using two open-weight LLMs and three targeted
prompts per model. Our contributions are:

• A retrieval pipeline that combines semantic
similarity, label-aware scoring, and diversity
re-ranking to select in-context examples;

• Separate unified, adaptive-focused, and
Affect-focused prompts for better coverage
of adaptive content and Affect subelements;

• Subtask-specific cross-model merging that fa-
vors precision for subelement classification
and recall for presence estimation.

Empirically, we show that retrieval contributes
most to performance, that no single merge strat-
egy optimizes both subtasks, and that the Affect-
focused prompt accounts for most of the F1 gain
from prompt decomposition.

521



2 Background and Related Work

2.1 LLMs for Mental Health NLP
The application of LLMs to clinical and mental
health NLP has grown rapidly, covering mental
health prediction from online text, interpretable
analysis of social media posts, and broader clinical
applications such as screening, monitoring, and de-
cision support (Uluslu et al., 2024; Xu et al., 2024;
Yang et al., 2024; Guo et al., 2024; Malgaroli et al.,
2025). Their ability to capture nuanced linguis-
tic patterns makes them well-suited to clinically
grounded tasks that require detailed interpretation
beyond surface-level sentiment. Recent work has
shown that prompt engineering and structured infer-
ence strategies are particularly important for adapt-
ing general-purpose LLMs to such tasks, especially
when annotated data follows specialized clinical or
psychological frameworks (He et al., 2023; Sivara-
jkumar et al., 2024).

2.2 In-Context Learning and
Retrieval-Augmented Prompting

In-context learning has become a standard way
to adapt LLMs to specialized tasks without fine-
tuning (Brown et al., 2020; Liu et al., 2023), and
the choice of in-context examples can substantially
affect performance (Liu et al., 2022). Retrieval-
augmented approaches select examples from a la-
beled pool using dense similarity to the target input
(Rubin et al., 2022), and can be combined with
diversity criteria such as Maximal Marginal Rel-
evance (Carbonell and Goldstein, 1998) to avoid
redundancy. In the CLPsych 2025 shared task, top
systems used open-weight LLMs with in-context
learning, including retrieval-augmented example
selection (Antony and Schoene, 2025) and struc-
tured prompt design (Chan et al., 2025).

2.3 Task and Data
CLPsych 2026 Shared Task 1 focuses on post-level
identification of adaptive and maladaptive psycho-
logical self-states. We address both subtasks.

Task 1.1 (Subelement Classification). Systems
predict the composition of the adaptive and/or mal-
adaptive self-state expressed in each post. A self-
state is represented by selected subelements from
six ABCD elements: Affect (A), Behavior toward
Self (B-S), Behavior toward Others (B-O), Cogni-
tion toward Self (C-S), Cognition toward Others
(C-O), and Desire (D). Each subelement has a pre-
defined valence, either adaptive or maladaptive, and

Test Post p Training Corpus

RAG Retrieval
codebook → MMR

RAG Index
GTE-multilingual

8 In-context Examples

Step 1: Retrieval

P1: Unified

P2: Adaptive (P2 | P1)

P3: Affect

Qwen3.5

P1: Unified

P2: Adaptive (P2 | P1)

P3: Affect

Mistral-Small-3.2

Affect RAG

Step 2: Parallel Inference

Stage 1: Per-model Reconciliation
Override P1 with P2 and P3

Stage 2: Cross-model Aggregation
Avg Presence; Task 1.1: Qwen3.5 elements, Task 1.2: Union+Mistral-Small-3.2

Final Annotation Outcome

Step 3: Merge

Figure 1: System architecture with the RAG and LLM
ensemble.

at most one subelement can be selected for each
element and valence.

Task 1.2 (Presence Rating). Systems assign sep-
arate presence scores to the adaptive and maladap-
tive self-states on a scale from 1 (not present) to 5
(highly present). The score reflects how central the
self-state is to the post.

Dataset. The shared task dataset is an extended
subset of the CLPsych 2022 “Reddit-New” corpus
(Tsakalidis et al., 2022) and comprises 40 longitu-
dinal social media timelines, partitioned into 30 for
training (373 posts, 236 with evidence annotations)
and 10 for testing (92 posts). The training set pro-
vides the post text and metadata (timeline ID, post
ID, date, and chronological index), together with
post-level MIND annotations: adaptive and mal-
adaptive self-state classifications, ABCD subele-
ments with textual evidence spans, and presence
scores on the 1–5 scale. The Task 1.1 label space
consists of 12 element–valence slots (6 elements
× 2 valences) and 32 subelements in total; the full
taxonomy is listed in Table 7. The test set provides
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only the post text and the metadata required for
evaluation.

3 Methods

Building on prior CLPsych systems that used
retrieval-augmented in-context learning and struc-
tured prompting (Antony and Schoene, 2025; Chan
et al., 2025), we adapt this setup to the fine-grained
MIND label space by making example selection
label-aware, separating prompts for error-prone
parts of the taxonomy, and combining two open-
weight LLMs with subtask-specific ensemble ag-
gregation.

Figure 1 summarizes our pipeline. We use an
ensemble of two open-weight LLMs: Qwen3.5-
27B (Qwen Team, 2026) and Mistral-Small-3.2-
24B-Instruct-2506 (Mistral AI, 2025), executed
via vLLM (Kwon et al., 2023), with an in-context
learning example corpus embedding using gte-
multilingual-base (Zhang et al., 2024). For each
post, we retrieve the 8 nearest in-context exam-
ples and run three sequential prompts per model;
outputs are merged in two stages, with Task 1.1
keeping Qwen3.5’s elements and Task 1.2 taking
their union with Mistral-Small-3.2 arbitration on
conflicts.

3.1 Retrieving In-Context Learning Examples

For every training post that carries an evidence an-
notation, we precompute a dense embedding using
gte-multilingual-base (Zhang et al., 2024) and store
these vectors in an in-memory index. We addition-
ally build a small codebook of 12 embeddings, one
per (element, valence) pair, by encoding the con-
catenated subelement descriptions for that pair. At
prediction time, for a target post p we (i) score ev-
ery candidate c as an equal mix of text cosine simi-
larity to p and a codebook label score (which sums
the similarities between p and the codebook en-
tries matching c’s gold elements), (ii) retain the top
Kpool = 20 candidates, and (iii) greedily re-rank
to K = 8 using a similarity-and-diversity criterion
inspired by MMR (Carbonell and Goldstein, 1998),
where diversity is measured as coverage of distinct
subelement labels among the already-selected ex-
amples. Candidates from the target post’s own time-
line are excluded throughout (leave-one-timeline-
out). The Affect-focused call (Section 3.2, P3) uses
a variant of this procedure: candidates are restricted
to training posts that carry an Affect annotation, the
codebook is disabled, and the diversity objective

targets coverage of Affect subelements specifically.

3.2 Prompting Strategy
For each post and for each of the two LLMs, we
issue three prompts that include: task requirements,
definitions of the adaptive and maladaptive va-
lences and of the element inventory, the eight re-
trieved in-context examples, and explicit response-
format guidelines. The three prompts differ in
scope: P1 asks for everything at once, P2 narrows
attention to the adaptive valence by conditioning on
the maladaptive predictions of P1, and P3 narrows
attention to a single element. Full templates are in
Appendix C.

(P1) Unified prompt. A single prompt that asks
the model to return, in a structured form, both va-
lences’ elements (with subelements) and both pres-
ence scores in one shot. The prompt is conditioned
on the eight RAG examples from Section 3.1. The
unified call lets the model use inter-element context
when assigning subelements.

(P2) Adaptive-focused prompt. The maladap-
tive elements that the model predicted in P1 are
injected into the prompt header, and the model
is asked to return only the adaptive elements; the
same eight RAG examples from P1 are reused. By
making the maladaptive prediction explicit, the call
shifts attention toward adaptive content that the
unified call tends to under-predict.

(P3) Affect-focused prompt. A prompt that asks
the model to return only the Affect element (in
either valence). P3 uses element-specific RAG so
that all eight in-context examples illustrate Affect
annotations. Affect is the element with the largest
and most semantically diverse subelement space;
isolating it lets the model concentrate retrieval and
reasoning on a single category.

3.3 Two-Stage Ensemble Merge
The six structured outputs (three prompts × two
models) are combined in two stages.

Stage 1: per-model reconciliation. The three
calls within each model are merged determinis-
tically: maladaptive elements and both presence
scores are taken from P1; adaptive elements are
taken from P2; the Affect (A) element in either
valence, when present in P3, overrides whatever
P1 or P2 produced; if after this step a valence has
no elements, its presence is reset to 1. This rule is
identical for Qwen3.5 and Mistral-Small-3.2.
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Task 1.1 (Sub F1) ↑ Task 1.2 (RMSE) ↓
Submission Adapt. Malad. Avg Adapt. Malad. Avg

Sub. 1 (Solo Qwen3.5, early RAG impl.) 0.371 0.510 0.440 1.253 0.935 1.094
Sub. 2 (Ensemble, Union+Mistral-Small-3.2) 0.357 0.508 0.433 1.130 0.858 0.994
Sub. 3 (Ensemble, Qwen3.5 elements) 0.346 0.537 0.441 1.184 0.858 1.021

Organizer baseline 0.156 0.338 0.247 1.409 1.439 1.424

Table 1: Test-set scores for our submissions. Bold marks the best score among our submissions per metric.

Stage 2: cross-model merge. Presence scores
and element predictions are aggregated separately
for each valence.

Presence (both tasks). The two presence
scores from Qwen3.5 and Mistral-Small-3.2 are av-
eraged and rounded. When the two models agree,
the score is unchanged. In the critical 1/2 bound-
ary case (one model votes “not present”, the other
“somewhat present”), the merged score is 2, favor-
ing presence detection.

Elements: Task 1.1. Take Qwen3.5’s ele-
ments (and their subelements). The Task 1.1 metric
(Macro F1, see Section 3.4) is sensitive to false
positives, so we use only one model’s elements
rather than the union, accepting some recall loss in
exchange for precision.

Elements: Task 1.2. Take the union of both
models’ elements; on shared elements with dis-
agreeing subelement labels, prefer Mistral-Small-
3.2. This design choice was based on preliminary
development experiments, where Mistral-Small-
3.2 tended to yield lower presence-rating error,
whereas Qwen3.5 produced more reliable subele-
ment predictions. The Task 1.2 metric (RMSE,
see Section 3.4) is sensitive to missing elements (a
missing element forces presence to 1, incurring a
large quadratic penalty when the gold value is 4 or
5), so the union acts as a safety net.

3.4 Evaluation Metrics

The performance of each submission was evaluated
using task-specific metrics specified by the shared
task organizers. For Task 1.1, element presence is
evaluated as 12 binary classifications (6 elements ×
2 valences) using Precision, Recall, and F1, while
subelement classification is evaluated via multi-
class F1 per element. The official ranking metric
is the mean of the Adaptive subelement Macro F1
and the Maladaptive subelement Macro F1.

For Task 1.2, the 1–5 presence ratings for the

adaptive and maladaptive self-states are evaluated
using Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), Quadratic Weighted Kappa
(QWK), and Spearman correlation. The official
ranking metric for this subtask is the mean of the
Adaptive RMSE and the Maladaptive RMSE.

4 Results and Discussion

Our system was evaluated across two subtasks:
subelement classification (Task 1.1) and presence
rating (Task 1.2).

4.1 System Configurations
We submitted three configurations:

• Sub. 1: Qwen3.5 with an alternative RAG
setup: utilizing all-MiniLM-L6-v2 as the
underlying embedding model (Wang et al.,
2020) and augmented training examples for
the Affect-focused prompt.

• Sub. 2: Qwen3.5 + Mistral-Small-3.2 ensem-
ble; merged elements take the union of both
models, with Mistral-Small-3.2 winning on
subelement conflicts (see Section 3.3 – Task
1.2).

• Sub. 3: same ensemble as Sub. 2, but merged
elements come solely from Qwen3.5 (see Sec-
tion 3.3 – Task 1.1).

Presence merging is identical for Sub. 2 and Sub. 3
and explained in Section 3.3. Test-set scores are
reported in Table 1.

4.2 Task 1.1: Subelement Classification
Our Task 1.1 entry, Sub. 3, achieves 0.441 Avg F1,
placing 2nd of 17 teams on the official leaderboard,
only 0.0004 below the leader. The following ab-
lations show how each component of the pipeline
contributes to this score.

Prompt decomposition. We hold the ensemble
(Qwen3.5 + Mistral-Small-3.2) and MMR-8 re-
trieval fixed and vary the prompts described in
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Section 3.2 (Table 2). The adaptive-conditioned
prompt P2 contributes only a small gain over P1
alone, while the Affect-focused prompt P3 con-
tributes the bulk of the improvement. The full
three-call pipeline gains 0.029 Avg F1 over the
single-call baseline.

Retrieval strategy. We compare three retrieval
regimes within the full ensemble pipeline, holding
the prompts and merging strategy fixed (Table 3).
In-context examples are essential: removing RAG
collapses Avg F1 (0.206 vs 0.441 Avg F1). One-
step retrieval and MMR-8 re-ranking perform com-
parably (0.444 vs 0.441 Avg F1), suggesting that
diversity re-ranking offers no measurable advan-
tage on this test set.

Ensemble merge. We isolate the contribution
of each individual model and of the merge strat-
egy, holding the three-prompt pipeline and MMR-8
re-ranking fixed (Table 4). Qwen3.5 outperforms
Mistral-Small-3.2 on subelement classification
(0.427 vs 0.373 Avg F1), motivating Qwen3.5’s
role as the Task 1.1 element-extraction anchor. Con-
sistent with this, the precision-oriented merge using
Qwen3.5’s elements (Sub. 3) achieves higher Avg
F1 than the union-based Sub. 2 merge (0.441 vs
0.433; Table 1).

4.3 Task 1.2: Presence Rating

Our Task 1.2 entry, Sub. 2, achieves 0.994 Avg
RMSE, placing 5th of 17 teams on the official
leaderboard. We analyze presence-rating perfor-
mance using both the component ablations above
and an additional Task 1.2-specific comparison of
merge rules (Table 5).

Prompt decomposition. P2 does not help pres-
ence rating: adding it to P1 increases Avg RMSE
from 1.015 to 1.035. The full three-call pipeline
incurs only a small RMSE cost relative to P1 alone
(1.021 vs 1.015), so the F1 gains discussed in Sec-
tion 4.2 do not substantially hurt presence rating.

Retrieval strategy. Retrieval remains important
for Task 1.2: removing in-context examples in-
creases Avg RMSE from 1.021 to 1.958. One-step
retrieval and MMR-8 re-ranking are effectively tied
(1.020 vs 1.021).

Ensemble merge. The ensemble results support
the asymmetric merge. Mistral-Small-3.2 achieves
lower RMSE than Qwen3.5 (1.083 vs 1.153; Ta-
ble 4), supporting its use as the Task 1.2 conflict

arbiter. In the Task 1.2-specific merge ablation,
the Sub. 2 union ensemble obtains the best RMSE
(0.994), providing additional support for our sub-
mitted merge strategy among the alternatives tested
(Table 5).

4.4 Valence Asymmetry

Across all configurations and metrics, our system
performs better on the maladaptive valence than on
the adaptive one. In our top Task 1.1 run (Sub. 3),
the Maladaptive Subelement Macro F1 reaches
0.537 while the Adaptive Subelement Macro F1
stays at 0.346. The same pattern holds for presence
rating: our top Task 1.2 run (Sub. 2) attains a Mal-
adaptive RMSE of 0.858 versus an Adaptive RMSE
of 1.130. On the maladaptive valence specifically,
our Subelement Macro F1 ranks 1st and our RMSE
ranks 2nd among all 17 participating teams, indi-
cating that our pipeline is particularly effective at
detecting and rating maladaptive states.

5 Conclusions

The system presented in this paper demonstrates
the potential of retrieval-augmented open-weight
LLMs for identifying psychologically grounded
self-states in social media posts. We addressed
CLPsych 2026 Task 1 with an ensemble that com-
bines semantic and label-aware retrieval of in-
context examples, targeted prompts for adaptive
content and Affect, and subtask-specific aggrega-
tion across Qwen3.5-27B and Mistral-Small-3.2-
24B-Instruct. This design was effective in the
shared task: our system ranked 2nd of 17 teams on
Task 1.1, 5th on Task 1.2, and 1st on maladaptive-
valence subelement F1.

Our ablations show that retrieval is the strongest
driver of performance, while prompt decomposi-
tion and ensemble aggregation address different
error modes in the fine-grained MIND label space.
Overall, these results suggest that open-weight
LLMs can support clinically motivated annotation
schemes when their predictions are grounded in
related examples and guided by task-specific struc-
ture. At the same time, the sensitivity of perfor-
mance to label sparsity, valence asymmetry, and
merge strategy highlights the need for careful eval-
uation before such systems are used beyond shared-
task settings.

525



6 Limitations

Despite competitive performance, our system ex-
hibits several key limitations.

Adaptive state blind spots. As discussed in
Section 4.4, our system remains weaker on adap-
tive than maladaptive self-states. Subtle adaptive
signals such as coping, self-care, help-seeking, or
constructive social engagement are still easier to
miss, especially when they co-occur with more
salient maladaptive content.

Single-run test evaluation. All test-set sub-
missions were evaluated as single inference runs at
T = 0.1 in the blind shared-task setting, rather than
as repeated stochastic runs of the same configura-
tion. Consequently, small differences across config-
urations should be interpreted with caution, as they
may reflect stochastic decoding or submission-level
variance in addition to true design effects (Reimers
and Gurevych, 2017; Card et al., 2020).

Limited model comparison. We explored sev-
eral open-weight LLMs (including Llama and
Gemma variants) during development, but the fi-
nal pipeline and ablations are based on a single
model pair (Qwen3.5-27B and Mistral-Small-3.2-
24B-Instruct). These models offered the best bal-
ance of following structured JSON instructions and
feasible GPU memory use in preliminary tests, but
we did not perform a systematic comparison across
model families and sizes.

Computational overhead. Our pipeline runs
three targeted prompts across two LLMs, requir-
ing six retrieval-augmented inference passes per
post. Although this design targets adaptive under-
prediction, Affect diversity, and cross-subtask ro-
bustness, it increases inference cost and latency and
may hinder real-time use in high-volume clinical
monitoring environments.

Ethics

The CLPsych 2026 dataset is an extended subset of
the CLPsych 2022 “Reddit-New” corpus (Tsaka-
lidis et al., 2022), provided in de-identified form.
Although Reddit is an anonymous platform, posts
on mental health topics remain sensitive; we ac-
cessed the data only after signing the Data Access
Agreement and complied with its restrictions on
storage, sharing, and processing throughout the
project.

In compliance with the shared task requirements,
we used only open-weight LLMs, run locally; no
closed-source models or external API services were

used for experimentation or analysis on the shared
task data.

Computational systems trained on annotated so-
cial media data should be regarded as supportive
research tools rather than substitutes for clinical
judgment. Real-world deployment would require
validation by mental-health professionals, atten-
tion to demographic and cultural variation in how
mental states are expressed, and safeguards against
misuse. We also recognize that LLM-based sys-
tems may reflect biases present in their pretraining
corpora; our in-context learning setup grounded in
the MIND framework can mitigate some of this
drift, but does not eliminate it.

To protect the privacy of the social media posters
whose data was used, this work should not be repro-
duced on the original dataset by parties without an
active Data Access Agreement; the contributions
reported here are the design and analysis of our
system, not the data itself.
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A Ablation Tables

Configuration Avg F1 ↑ Avg RMSE ↓
P1 only 0.412 1.015
P1 + P2 0.414 1.035
P1 + P2 + P3 (Sub. 3) 0.441 1.021

Table 2: Ablation 1: prompt decomposition, full en-
semble (Qwen3.5 + Mistral-Small-3.2) with MMR-8.
P1 is the unified prompt, P2 adds the adaptive-focused
prompt, and P3 adds the Affect-focused prompt. Bold
marks the best score in each column; underline marks
the runner-up.

Configuration Avg F1 ↑ Avg RMSE ↓
Zero-shot 0.206 1.958
One-step retrieval 0.444 1.020
MMR-8 (Sub. 3) 0.441 1.021

Table 3: Ablation 2: retrieval strategy, full ensemble
with all three prompts. Zero-shot removes in-context
examples, one-step retrieval directly selects the eight
highest-scoring examples, and MMR-8 additionally re-
ranks a candidate pool for label diversity.

Configuration Avg F1 ↑ Avg RMSE ↓
Mistral-Small-3.2 0.373 1.083
Qwen3.5 0.427 1.153
Ensemble (Sub. 2) 0.433 0.994

Table 4: Ablation 3: ensemble strategy, full three-
prompt pipeline with MMR-8. Single-model rows use
only that model’s outputs; the ensemble row combines
Qwen3.5 and Mistral-Small-3.2 with Sub. 2 cross-model
aggregation rules.

Configuration Avg F1 ↑ Avg RMSE ↓
Confidence-based merge 0.386 1.467
Aggressive-presence merge 0.434 1.0
Union ensemble (Sub. 2) 0.433 0.994

Table 5: Ablation 4: ensemble merge approaches for
presence score, full three-prompt pipeline with MMR-
8. Confidence-based merge uses model confidence in
cross-model selection, aggressive-presence merge fa-
vors non-1 presence predictions from either model, and
the union ensemble is Sub. 2 averaging-based merge.

B Hyperparameter Settings

Parameter Value

Inference
Weight precision FP16
Max context length 16,384 tokens
Sampling temperature 0.1
Sampling top-p 1.0 (vLLM default)
Max generation tokens 100

Retrieval
Candidate pool size Kpool = 20

In-context examples K = 8

Diversity weight α = 0.6

Other
Post text truncation 1,800 characters

Table 6: Hyperparameter settings for our submitted
system.
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C Prompt Templates

We reproduce the actual prompt templates used
in our pipeline. The static ABCD taxonomy block
(which lists element definitions, valence definitions,
and all 32 subelement descriptions) is abridged
here for space; it remains constant across the three
prompts. The example post shown below is gener-
ated for illustration, and no actual dataset content
is reproduced.

(P1) Unified prompt

System:
You are a clinical psychology annotation assistant trained
in the MIND framework. The MIND framework ana-
lyzes social media posts to identify psychological self-
states. Each post may express adaptive and/or maladap-
tive psychological states across 6 dimensions: Affect (A),
Behavior toward Others (B-O), Behavior toward Self (B-
S), Cognition about Others (C-O), Cognition about Self
(C-S), and Desire (D). Your job: identify which specific
subelements are present and rate their overall presence.

[ABCD TAXONOMY BLOCK — see Appendix D]

PRESENCE SCALE (reflects psychological centrality,
not mere frequency of words):
1 = Not present
2 = Somewhat present
3 = Moderately present
4 = Much present
5 = Highly present

RULES:
1. For each ABCD element (A, B-O, B-S, C-O, C-S, D),
decide if it is present.
2. If present, choose the single most prominent subele-
ment.
3. Assign ADAPTIVE_PRESENCE and MALADAP-
TIVE_PRESENCE scores (1–5).
4. Output ONLY these 4 lines: ADAP-
TIVE_ELEMENTS, ADAPTIVE_PRESENCE,
MALADAPTIVE_ELEMENTS, MALADAP-
TIVE_PRESENCE. No evidence lines, no extra
text.
5. If no adaptive elements: write ADAP-
TIVE_ELEMENTS: NONE and ADAP-
TIVE_PRESENCE: 1.
6. If no maladaptive elements: write MAL-
ADAPTIVE_ELEMENTS: NONE and MALADAP-
TIVE_PRESENCE: 1.
7. Only annotate elements you are confident about. It
is better to miss an element than to predict the wrong
subelement.

User:
Here are 8 annotated examples:
[examples]

Now annotate the following post:

POST: “I haven’t been able to focus on anything lately.

Even small tasks feel overwhelming. I keep thinking that

I should be doing better by now, which only makes me

feel worse. But yesterday I called my friend, and talking

to her helped a bit. I still feel exhausted, but at least I

managed to take a shower and eat something afterward.”

(P2) Adaptive-focused prompt

System:
You are a clinical psychology annotation assistant trained
in the MIND framework. Your task: identify ADAP-
TIVE psychological patterns that co-exist alongside mal-
adaptive states in this post. Adaptive states often co-exist
with maladaptive states. A person describing depres-
sion may also show self-care, self-acceptance, healthy
grieving, or reaching out for support.

[ABCD ADAPTIVE TAXONOMY BLOCK — see Ap-
pendix D, adaptive subelements only]

[PRESENCE SCALE — as above]

RULES:
1. Focus ONLY on ADAPTIVE elements. Maladaptive
annotation is already done.
2. For each element, decide if an adaptive subelement is
present.
3. Assign ADAPTIVE_PRESENCE (1-5).
4. Output ONLY these 2 lines: ADAP-
TIVE_ELEMENTS and ADAPTIVE_PRESENCE.
5. If no adaptive elements: ADAPTIVE_ELEMENTS:
NONE and ADAPTIVE_PRESENCE: 1.
6. For B-S and C-S: predict whenever you see ANY
signal.
7. For A, B-O, C-O, D: only annotate if confident in the
specific subelement.

User:
Here are 8 annotated examples:
[examples]

The following maladaptive patterns were already identi-
fied:
MALADAPTIVE_ELEMENTS: A:8, B-S:2
MALADAPTIVE_PRESENCE: 4

Now identify ADAPTIVE elements in this post:

POST: “[same example post as P1]”

(P3) Affect-focused prompt

System:
You are a clinical psychology annotation assistant trained
in the MIND framework.

[ABCD TAXONOMY BLOCK — see Appendix D, Af-
fect (A) row only]

RULES:
1. ONLY evaluate the Affect (A) element. Decide if it is
present.
2. If present, choose the single most prominent subele-
ment.
3. Output ONLY these 2 lines: ADAP-
TIVE_ELEMENTS and MALADAP-
TIVE_ELEMENTS. No presence scores.
4. If adaptive A is not present: write ADAP-
TIVE_ELEMENTS: NONE.
5. If maladaptive A is not present: write MALADAP-
TIVE_ELEMENTS: NONE.
6. Only annotate if you are confident.

User:
Here are 8 annotated examples (all illustrating Affect
annotations):
[examples]

Now annotate the following post:

POST: “[same example post as P1]”
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D ABCD Taxonomy Block

Element Valence ID Subelement

A

Adaptive 1 Calm/laid back — feeling at ease, relaxed, or peacefully accepting of one’s situation
Adaptive 3 Sad/emotional pain/grieving — expressing sorrow or grief in a healthy, processing way
Adaptive 5 Content/happy/joy/hopeful — feeling satisfied, cheerful, or optimistic
Adaptive 7 Vigor/energetic — feeling motivated, lively, or full of energy
Adaptive 9 Justifiable/assertive anger — expressing appropriate anger or standing up for oneself
Adaptive 11 Proud — feeling a sense of achievement, self-worth, or pride
Adaptive 13 Feel loved/belong — feeling connected, valued, or accepted by others
Maladaptive 2 Anxious/fearful/tense — feeling worried, nervous, scared, or on edge
Maladaptive 4 Depressed/despair/hopeless — feeling deeply sad, empty, or worthless
Maladaptive 6 Mania — showing elevated mood, grandiosity, impulsivity beyond normal excitement
Maladaptive 8 Apathetic/blunted — feeling emotionally flat, numb, or unable to care
Maladaptive 10 Angry/aggression/disgust/contempt — feeling hostile, bitter, or resentful
Maladaptive 12 Ashamed/guilty — feeling intense shame, self-blame, or disproportionate guilt
Maladaptive 14 Feel lonely — feeling isolated, disconnected, or painfully alone

B-O

Adaptive 1 Relating behavior — actively reaching out, connecting, or cooperating with others
Adaptive 3 Autonomous or adaptive control behavior — taking independent action or setting healthy

boundaries
Maladaptive 2 Fight or flight behavior — reacting with aggression, withdrawal, or avoidance driven by fear
Maladaptive 4 Over-controlled or controlling behavior — excessively managing, manipulating, or dominat-

ing interactions

B-S
Adaptive 1 Self-care and improvement — taking steps to look after oneself physically, mentally, or

emotionally
Maladaptive 2 Self-harm, neglect, and avoidance — self-destructive behavior, ignoring needs, or avoiding

self-care

C-O

Adaptive 1 Perception of other as related — viewing others as caring, supportive, or emotionally
connected

Adaptive 3 Perception of other as facilitating autonomy — seeing others as encouraging independence
Maladaptive 2 Perception of other as detached or over-attached — seeing others as emotionally unavailable

or intrusive
Maladaptive 4 Perception of other as blocking autonomy — viewing others as controlling or restricting

C-S
Adaptive 1 Self-acceptance and compassion — treating oneself with kindness or accepting flaws without

harsh judgment
Maladaptive 2 Self-criticism — harshly judging, blaming, or devaluing oneself

D

Adaptive 1 Relatedness — wanting to connect, bond, or maintain meaningful relationships
Adaptive 3 Autonomy and adaptive control — desiring independence, self-direction, or healthy control
Adaptive 5 Competence/self-esteem/self-care — wanting to feel capable, worthy, or to take good care of

oneself
Maladaptive 2 Expectation that relatedness needs will not be met — believing one will remain unloved or

rejected
Maladaptive 4 Expectation that autonomy needs will not be met — believing one will remain trapped or

powerless
Maladaptive 6 Expectation that competence needs will not be met — believing one will remain incompetent

or worthless

Table 7: Full ABCD subelement taxonomy used in the prompt templates.
Abbreviations: A = Affect, B-O = Behavior toward Others, B-S = Behavior toward Self, C-O = Cognition of the Other, C-S =
Cognition of the Self, D = Desire.
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