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Abstract

We present DUET (Dual-view Evidence Tracking), our submission to eRisk 2026 Task 2, contextualised early
detection of depression from a stream of Reddit threads. DUET is an incremental per-user accumulator that
assembles a =2341-dimensional feature vector at every round. The vector combines target-text embeddings,
community-channel signals (reply sentiment, concern phrases, thread topic similarity), multi-scale Wasserstein
temporal-shift detection over symptom and emotion trajectories, a Mahalanobis-based drift score against control
and depressed populations, a Theory-of-Mind module contrasting a self-view of the target user with an observer-
view of how the community perceives them, and a Thompson-sampled per-symptom personalisation. The
five submitted runs span the precision-recall-latency frontier across XGBoost, a multi-layer perceptron, and
a stacked ensemble, with an ERDE-aware adaptive decision threshold. Runs 0 and 4 tied for rank 5 of 70 runs
in the field on F; = 0.80, four of the five reached perfect top-10 ranking quality from round 100 onwards with
NDCG@100 = 0.89 (joint rank 3 in the field), and our ERDE5-optimised run reached ERDE; = 0.15 at a median
true-positive alert latency of 9 rounds.
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1. Introduction

Depression detection from social media is clinically motivated: as platforms become a venue where
mental-health concerns surface before they reach professional support, automated tools that flag at-
risk users early can supplement clinician and moderator judgement [1, 2]. eRisk 2026 Task 2 [3, 4],
contextualized early detection of depression, frames this as an online problem: a stream of Reddit
threads is delivered round by round, and at every round a system must decide whether each target user
is at risk, weighing latency against accuracy under an ERDE-style (Early Risk Detection Error) penalty
for late true-positive alerts [5]. What distinguishes the 2026 edition from earlier eRisk task lines is
the contextualised framing [6]: each round delivers not just the target’s own writing but the entire
thread it sits in, including the submission, all comments, the reply hierarchy, and timestamps. Often
a target user’s writing in a given round is brief or ambiguous. The diagnostic signal is then carried
by the community’s reaction, namely concern phrases and shifts in reply sentiment, rather than by
what the user wrote. Subject Subject A in the test cohort exemplifies the pattern: the target contributes
only a handful of words per writing on average, but receives substantial community concern across
the stream. This implies that an automatic detection system needs to alert on this subject as soon as
possible by giving more weight to the community’s text rather than target’s own text.

Earlier eRisk submissions converged on transformer-based representations of target-user writing,
supplemented by hand-engineered features and post-buffer mechanisms for stable decision-making
[7, 8, 9]. The contextualised 2026 task suggests three modelling choices that we adopt: (i) two-channel
evidence, separating what the target user writes from how the community responds, so that diagnostic
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signal can be picked up from either side of the asymmetry described above; (ii) multi-scale Wasserstein
distributional shift [10, 11], treating each per-round feature as a trajectory and asking how its empirical
distribution changes over time, at three temporal scales; and (iii) a Theory-of-Mind (ToM; [12, 13])
contrast between the model’s reconstruction of the target’s self-view and its reconstruction of how
the community perceives the target, with their disagreement as a separate diagnostic feature. The first
follows from what the motivational pattern above is about. The second derives from the observation
that depressive episodes often manifest as changes in the rate and pattern of certain symptoms rather
than as their absolute level. And the third operationalises the clinical observation that reduced insight,
namely a mismatch between self-presentation and how others see one, is a familiar feature of depressive
disorders. The resulting pipeline is structurally analogous to knowledge tracing [14]: a per-user state is
maintained across observations and updated incrementally with each new round, adapted here to a
streaming mental-health-risk setting.

We present DUET (Dual-view Evidence Tracking), an incremental pipeline that fuses the three
commitments into a =2341-dimensional per-user feature vector consumed by classifier variants spanning
the precision-recall-latency frontier. Runs 0 and 4 reach F; = 0.76, the best of our portfolio. Run 1,
the ERDE5-optimised variant, reaches ERDE; = 0.15 and ERDEs, = 0.05, the latter shared as the best
ERDEjs in the field.

2. Task and Data

Task 2 of eRisk 2026 frames depression detection as an online, latency-sensitive classification problem
over a stream of Reddit threads. We adopt the formalisation directly: given for each target user u a

sequence of threads TL(,t) delivered round by round (each thread carrying the submission, all comments,
the reply hierarchy, timestamps, and a flag marking which contributions are by u), we produce at

()

every round a binary decision dut € {0, 1} together with a continuous risk score s,(f) € [0,1]. Three

constraints make the setting distinctive: a positive decision is irreversible (once L(,t) = 1, the alert
persists for all t’ > t); decisions are made online, i.e., round ¢ is settled before round t + 1 is revealed,;
and the evaluation penalises late true-positive alerts exponentially. Mind that the per-round delivery is
the full conversational thread, not an isolated target post: target writings appear alongside the entire
community context that responds to them, and exploiting this asymmetry is the principal modelling
opportunity of the task.

For training and cross-validation we use the eRisk 2025 Task 2 release [15]: 909 users, of which 102
depressed and 807 control, i.e., 11.2% positive. Evaluation is on the eRisk 2026 stream of 523 subjects
with 91 positives (17.4%) delivered over 500 rounds [3, 4]. The defining property of both releases is an
asymmetry between the two channels available at every round: target-authored text is sparse, with
a median of 25 words per writing for positive subjects and 13 for controls, while the conversational
context is voluminous, with a median of about 13,700 community comments per positive subject across
the stream. Two further textual cues on the training release motivate the Layer-1 lexical features of
Section 3, namely positive subjects use first-person singular pronouns at 2.2 times the control rate and
negative-emotion words at 2.9 times the control rate. Three properties of the released data matter for
interpreting our results. First, distinctive terms in the two classes are partly subreddit-driven (positives
concentrate on drug- and condition-related vocabulary, controls on finance, cryptocurrency, and chess),
so surface lexical cues alone risk encoding topical confounds rather than depression signal. This is
one reason we model the community channel separately. Second, thread coverage decays sharply over
the 500 rounds, from 522 subjects at round 0 down to 12 at round 500; the live system exploits this at
runtime (Section 4). Third, one of the 523 golden subjects never receives a thread in the released stream,
so the effective subject count for round-by-round prediction is 522.

Task 2 is scored on two families of metrics. The decision-based family penalises late true-positive
alerts: ERDE, multiplies the per-subject false-negative cost by a sigmoid latency penalty Ic,(k) =
1 — (1 + )71 evaluated at the alert round k and operating point o, and is reported at o € {5, 50},
with ERDEs penalising lateness an order of magnitude more steeply than ERDEs,. Standard F; is also
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Figure 1: DUET architecture, unrolled across three consecutive rounds. Each column shows the same incremental
loop: thread input, per-user state update, feature assembly, classifier, decision. Dashed horizontal arrows show
the state carrying across rounds. The trace beneath the columns shows three illustrative quantities (the Layer-2

concern density, the top symptom weight from the Thompson bandit, and the risk score s,(f)) evolving across the
three rounds and crossing the alert threshold at round t + 1. All values are constructed for illustration.

reported, together with Fagency, which discounts F; by a speed factor derived from the median true-
positive alert latency. The ranking-based family scores how well the model identifies the highest-risk
subjects without committing to a binary decision: P@10, NDCG@10, and NDCG@100 at the final
round and at intermediate checkpoints. We refer to the eRisk overview for full formulae [3, 4]. These
two families motivate different operating points of the same model: the steep early penalty of ERDEg
drives our ERDE5-optimised run (R1) to alert aggressively, while ERDEs, and F; tolerate more evidence
accumulation and motivate the conservative R0 and R4 configurations (Sections 3 and 5).

3. System

3.1. Overview

DUET (Dual-view Evidence Tracking) is an incremental per-user accumulator. At each round ¢, the new

thread Tlgt) is folded into a per-user state. From that state we assemble a feature vector of approximately
2341 dimensions, and emit a risk score sl(f) and a decision db(,t) via a per-run classifier with an ERDE-aware
adaptive threshold. The state carries forward unchanged into round t + 1, so DUET is structurally
analogous to a knowledge-tracing model: per-user evidence accumulates incrementally rather than
being recomputed from scratch [14]. Figure 1 unrolls one such loop across three consecutive rounds
with an illustrative trace. Mind that the live submission ran two of the feature blocks described below
under a different configuration than the designed pipeline; we report the engineering reality and its

consequences in Section 4.

3.2. Feature layers

The feature vector is assembled from three layers, summarised in Table 1. Layer 1 encodes what the
target user writes. Every text the target authors in a round is embedded by an ensemble of three



sentence transformers (all-mpnet-base-v2, all-MiniLM-L12-v2, and all-distilroberta-v1) [16],
concatenated into a 1920-dimensional vector, and folded into an exponentially-decayed running mean
across rounds with A = 0.95. We add 189 BDI-II symptom-activation features (per-symptom cosine
similarity to 21 Variant-C reference embeddings, summarised across rounds by maximum, mean, and
seven distributional statistics, namely mean, variance, skewness, kurtosis, and the three quartiles) [17],
and a 4-dimensional lexical block ratioing first-person-singular pronouns, negative-emotion words,
absolutist words [18], and cognitive-process words against total word count.

Layer 2 encodes what the community does. This is the payoff of the asymmetry argued in Section 2.
We compute three reply-sentiment features (mean, standard deviation, and linear-trend slope of VADER
compound [19] on direct replies to the target across rounds), one concern-phrase ratio (the proportion
of rounds in which at least one of 42 hand-curated phrases of community worry matches a non-target
comment), three conversational-position features (the fraction of rounds in which the target is the
submission author, the fraction in which the target contributes no text at all, and the mean reply depth
of target turns), and 21 thread-topic-similarity features (cosine between thread title embedding and each
BDI-II reference embedding, averaged across rounds), for 28 features in total. Mind that two further
volume features (the mean and linear-trend slope of target text length) are computed by the extractor
but excluded from the assembled vector.

Layer 3 captures semantic signal independent of the symptom dimensions. An emotion classifier [20]
produces a per-round distribution over basic emotions; the cross-round mean and Shannon entropy
of this distribution together form a 9-dimensional block (eight emotion means plus one entropy term;
texts shorter than ten words fall back to a uniform distribution). Mind that the deployed block contains
an internal vocabulary mismatch: the code reserves eight slots named for Plutchik’s primary emotions,
while the model is trained on Ekman’s six emotions plus a neutral class. Six emotions are shared and
populate their named slots correctly; the two Plutchik-only slots (anticipation, trust) are structurally
zero in every vector because the model cannot emit them; the model’s neutral score has no destination
slot and is discarded before renormalisation. The pairing is internally consistent across training and
inference, namely every classifier was trained on this 9-dimensional block as-is, but two slots are wasted
and the achievable entropy range shifts to [0, log 6] rather than [0, log 8]. We discuss this as a known
design-time bug in Section 6. A BERTopic model [21] fitted on the training stream contributes 40
topic-distribution features plus one depression-proportion feature, defined as the cross-round mean of
an indicator firing when the top-1 topic for a round belongs to a depression-associated set identified at
training time. Mind that the BERTopic block ran for the first nineteen rounds of the live submission
and was skipped from round 20 onwards under a memory-saving fix (Section 4).

3.3. Distributional shift: Wasserstein and Mahalanobis

DUET also computes two non-parametric summaries of the per-user trajectories assembled in the
previous layers, capturing distributional shift: how the distribution of a feature changes over time
within a single user. The first is the 1-dimensional Wasserstein distance W; between adjacent half-
windows of each feature trajectory at three temporal scales. Letting F4 and Fg denote the empirical
CDFs of two windows A and B, we use the closed-form 1-D distance

1
Wi(Fg Fy) = L 1) - F5'(q)] dg

computed via the POT library [22]. The three scales compare two adjacent half-windows: a short
scale ([k—10, k—5] versus [k—5, k], requiring at least 10 rounds of history), a medium scale ([k—50, k—25]
versus [k—25, k], requiring at least 50 rounds), and a long scale ([0, n/2] versus [n/2, n], requiring at least
20 rounds), with k the current round and n the total rounds observed. These three scales are intended
to capture acute deterioration, sub-chronic evolution, and chronic trajectory change respectively. We
apply this across 21 BDI-II symptom activation series (3 x 21 = 63 features), the emotion-entropy
series (3 features), the 1920-dimensional sentence-transformer embedding (sliced W; over 50 random
projections, 3 features), and the topic-entropy series (3 features), for 72 features in total. Mind that, on



Table 1
Feature blocks of DUET and their dimensions; total approximately 2341.

Block Dim.
Layer 1 - Target text 2113
Sentence-transformer running mean 1920
BDI-Il symptom activations 189
Lexical ratios 4
Layer 2 - Community 28
Reply sentiment (VADER) 3
Concern-phrase ratio 1
Conversational position 3
Thread topic similarity 21
Layer 3 — Semantic 50
Emotion (mean + entropy) 9
BERTopic + depression-proportion 41
Distributional (§3.3) 77
Wasserstein + Mahalanobis + combined 72 +3 +2
Theory of Mind (§3.4) 47
Thompson (§3.5) 25
Round counter 1

the training release, the three scales are not equally informative: 153 subjects fire on the short scale
alone against only 5 that fire on the long scale alone, and the long-only case turns out to be a control
subject that clears its firing threshold by a single hundredth. We return to this in Section 5.

The Mahalanobis block scores how far the user’s current feature profile sits from the control and
depressed population centres. We fit two multivariate Gaussians to the training set after PCA to 50
dimensions with Ledoit-Wolf shrinkage [23], one on the 807 control users and one on the 102 depressed

users, and at test time report three scalars per user: the Mahalanobis distance chvt[rl to the control centre,

. d .1 d C e .
the distance D[\/;e P to the depressed centre, and their difference chvtlﬂ -D A;:p. The discriminative quantity

is the difference: a user closer to the depressed centre than to the control centre has a positive value,
and a user closer to control has a negative one.'

3.4. Theory of Mind module

Theory of Mind, namely the capacity to attribute distinct mental states to oneself and to others [12],
has been instrumented in computational pragmatics for several decades, and more recently used to
probe whether large language models can solve false-belief tasks [13]. In the depression literature,
reduced insight is associated with a dissociation between how a user presents their own state and
how the community around them perceives that state: a target may describe themselves as fine, while
replies from peers cluster around concern phrases and supportive interventions. DUET instruments
this dissociation as a single dual-mentalising step. We prompt a large language model twice per thread,
once to produce a self-view that scores the target’s BDI-II symptoms from the target’s own writings
alone, and once to produce an observer-view that scores the same symptoms from how the community
responds to the target. The mean per-item absolute difference between the two views is our insight gap;
it is dimensionless, bounded in [0, 2] when symptom scores are on a 1-3 integer scale, and constitutes a
single feature whose magnitude reflects exactly the disagreement between target self-presentation and
community perception.

In practice, this is implemented as follows. First, each thread is formatted as a structured transcript
with target turns and target-author indicators marked [TARGET] and community turns marked with

!A 2-dimensional combined-distributional block is also appended to the assembled feature vector: its first scalar duplicates
D$¥, and its second is the unweighted mean of the 72-dimensional Wasserstein vector. We report this for completeness; the
duplication is an assembler-level redundancy, not a designed feature.



role and reply depth; a four-class priority truncation governs which content survives a 2000-token
budget (P1 = target posts plus their direct replies, kept in full; P2 = other posts on a branch that includes
the target, kept if budget allows; P3 = one-hop-further posts, truncated to 100 characters; P4 = unrelated
branches, dropped). Second, we issue two separate calls to meta-1lama/Llama-3.3-70B-Instruct
[24] via the HuggingFace Inference API [25], each with a two-message (system + user) shape, no
assistant primer, and no few-shot examples. Both system prompts inline the same 21 BDI-II Variant-C
symptom definitions (Appendix A) and a JSON output schema; they are kept byte-identical across all
calls of each type. The self-view prompt asks the model to assess the target from the target’s own
writings alone. In contrast, the observer-view prompt asks how the community perceives the target
from the formatted transcript.

The 47-dimensional ToM block is then assembled from the two parsed responses. Self-view per-
symptom scores in {1, 2, 3} occupy slots [0:21] (each divided by 3 to fall in [0.333, 1]), observer-view
scores occupy [21:42], the self- and observer-view depression probabilities and the insight gap (com-
puted as the mean per-item absolute difference between self- and observer-view scores) occupy
[42, 43, 44], and the observer concern level normalised by 3 and the community-response category
occupy [45,46]. The community-response category is mapped to a scalar in [0, 1] by the encoding {con-
cern: 1.0, support: 0.8, advice: 0.6, mixed: 0.5, normalisation: 0.3, casual: 0.0}; mind that this collapses a
six-way categorical into an ordinal community-concern axis, namely a modelling assumption inherited
from the codebase that we have not tested against alternative encodings (Section 6). On silent threads
where the target contributes no text, the self-view call is skipped and only the observer-view call fires;
slots [0:21] and slot [42] remain at their default zero. JSON outputs are parsed by a layered fallback
(direct parse, then markdown-fenced extraction, then outermost {...} substring); persistent parse failures
leave the corresponding sub-vector at its default zero rather than triggering a retry.

Both calls use temperature 0.1, a maximum of 2048 output tokens, and a 120-second timeout. Server-
side JSON enforcement (e.g., response_format) is not used; output discipline is enforced at the prompt
level alone, and recovery is the parse fallback described above. Calls are sequential per (user, round,
thread); no batching across users, rounds, or threads is performed at the LLM step. The Ollama back-end
is also configured in the codebase as an alternative local inference path, but the training-feature build
used the HuggingFace endpoint exclusively.

Table 2 shows the designed ToM output for two constructed contrastive users: User A, whose self-
and observer-view scores match (an acknowledged presentation, insight gap 0.24), and User B, whose
self-view minimises while the community notices (a reduced-insight presentation, insight gap 0.95).
The pattern that survives in User B’s |A| column is clinically intuitive: the affective and cognitive items
(sadness, loss of pleasure, worthlessness, concentration) diverge by 2 between self and observer, while
the somatic items (sleep, fatigue, appetite) diverge by less, consistent with users acknowledging physical
symptoms more readily than mental ones.

Mind that the table above shows the ToM block as designed and as built at training; the live submission
ran a degraded version of the module, with consequences for the no-ToM ablation we report in Section 5.

3.5. Thompson-sampled symptom personalisation

Not every BDI-II symptom is equally informative for every user. To personalise symptom importance
per user, we maintain a 21-armed Beta bandit, with arms initialised at Beta(1, 1). At each round, we mark
a symptom as active if its cosine activation against the symptom reference embedding exceeds 7 = 0.3;
the corresponding Beta posterior is updated by incrementing ¢; on activation and f; otherwise. The
expected weight &; /(¢ + f3;), normalised to sum to one across symptoms, gives a personalised importance
profile. From this we expose 25 features: a Thompson-weighted symptom score, the Shannon entropy
of the weight distribution, the active-symptom count, the full 21-dimensional weight vector, and the
mean posterior uncertainty across arms. Mind that the entropy and uncertainty terms are themselves
informative at early rounds: a flat distribution and high uncertainty signal that the model has not yet
identified which symptoms matter for this particular user.



Table 2

[llustrative output of the designed ToM module for two constructed contrastive users. User A: acknowledged
presentation, self- and observer-view scores aligned. User B: reduced-insight presentation, self minimises while
the community notices. All values are illustrative; the users do not exist. The module shown here ran at training
and in Phase 1 of the live submission; Section 4 reports the inference-time behaviour.

User A User B

=

BDI-II item self obs. self obs.

+*
=

Sadness
Pessimism

Past failure
Loss of pleasure
Guilt
Punishment
Self-dislike
Self-criticism
Suicidal thoughts
10  Crying

11 Agitation

12 Loss of interest
13 Indecisiveness
14 Worthlessness
15  Loss of energy
16 Sleep changes
17 Irritability

18  Appetite changes
19  Concentration
20  Fatigue

21 Sexual interest
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Self depression prob. 0.72 — 0.18 —

Observer concern level — 3 — 3
Community response — concern - concern
Insight gap 0.24 0.95

3.6. Classifiers and run portfolio

We train four classifier variants on the assembled feature vector. The primary model is XGBoost
[26] (max_depth=6, 300 trees, learning rate 0.1, scale_pos_weight set automatically to compensate
for the 11.2% positive rate). The secondary model is a two-layer MLP (D — 256 — 64 — 1, batch
normalisation and dropout 0.3 after each hidden layer, Adam optimiser [27] with learning rate 1073
and BCEWithLogits loss weighted by class imbalance). A reference RBF-SVM with balanced class
weights is included for comparison. A stacked ensemble combines XGBoost, the MLP, and the SVM via
5-fold stratified out-of-fold predictions fed into a logistic-regression meta-learner. All models consume
features after StandardScaler normalisation; the entire classification stack is built with scikit-learn
[28].

At inference, the per-round risk score sl(f) is compared against an adaptive threshold that tracks the
ERDE latency penalty:

0(k) = Oinit — (einit - eﬂoor) ~Ieo(k),

with lc,(k) the sigmoid latency cost of Section 2 at the same operating point o used for scoring. The
threshold drops monotonically over rounds, namely it is strict early and lenient late. An alert is emitted,
and persists, the first round in which s,(f) > 0(k) has held for t.,, consecutive rounds. Mind that this
calibration favours evidence accumulation over early sensitivity. On the training simulation the mean
alert round for our conservative configuration (R0) was 158, an order of magnitude later than the
test-time median true-positive latency we observed (Section 5).

Table 3 summarises the five submitted runs. RO (FULL_XGBOOST_ERDES0) is the conservative XGBoost
baseline; R1 (FULL_XGBOOST_ERDES) is the aggressive early-alerting variant, with a lower starting
threshold, a steeper schedule, and single-round confirmation; R2 (FULL_NN_ERDE50) substitutes the
MLP under the conservative policy; R3 (FULL_ENSEMBLE_BALANCED) deploys the stacked ensemble at an



Table 3

Run-portfolio configuration. 6,,;; and 6., are the upper and lower threshold endpoints; o is the ERDE operating
point that the threshold schedule tracks; ¢, is the number of consecutive rounds the score must remain above
0(k) before the alert latches.

Run Name Classifier 8.  Gioor O leon
RO FULL_XGBOOST_ERDES0 XGBoost 0.85 0.45 50 2
R1 FULL_XGBOOST_ERDES XGBoost  0.70 0.35 5 1
R2 FULL_NN_ERDE50 MLP 0.85 0.45 50 2
R3 FULL_ENSEMBLE_BALANCED ensemble 0.80 0.40 30 2
R4 NO_TOM_XGBOOST_ERDE50  XGBoost 0.85 0.45 50 2

intermediate operating point; R4 (NO_TOM_XGBOOST_ERDE50) is identical to RO with the 47-dimensional
ToM block zeroed and is intended as the ToM ablation. Mind that R4 does not measure what its name
suggests. We discuss the confound in Section 5.

4. Implementation and Experimental Setup

4.1. Offline configuration

For the offline portion of the pipeline we use the eRisk 2025 Task 2 release as the training and validation
corpus [15], namely 909 users with 102 labelled depressed and 807 labelled control (an 11.2% positive rate).
Cross-validation uses 5-fold stratified splits that preserve this rate per fold, and all classifiers use random
seed 42 where applicable. The BERTopic model is fit on the training threads with target npics = 40,
UMAP reduction to 5 dimensions, and HDBSCAN with min_cluster_size = 50; depression-associated
topics are identified at fit time as those with at least 10 documents and a depression density of at least
1.5x the corpus base rate. The Mahalanobis covariances are fit on the same training set after PCA to
50 components with Ledoit-Wolf shrinkage, separately for the control and depressed sub-populations.
The only feature block that requires its own dedicated offline build is the Theory of Mind module:
Layers 1-3 and the distributional features can extract directly from raw threads in the live pipeline, but
the ToM block depends on synchronous LLM calls with a 120-second per-call timeout. We therefore
pre-computed the 47-dimensional ToM features once on the training corpus, by formatting every thread
as described in Section 3.4 and issuing the two LLM calls per thread via the HuggingFace InferenceClient
(meta-1llama/Llama-3.3-70B-Instruct, temperature 0.1, max_tokens 2048, 120-second timeout). The
resulting 909 x 47 array is what the shipped classifiers train on. Mind that this is the rich Option C ToM
signal of Section 3.4: every dimension populated by the LLM, every slot semantically grounded in the
prompts of Appendix A. The fact that the live pipeline does not reproduce this signal is the engineering
story of the next subsection and the analytical story of Section 5.

4.2. Live engineering and two code regimes

The live submission interacted with the eRisk 2026 server in rounds and ran from April 17 to April 23,
2026, completing all 500 rounds across all five runs. Two code changes were deployed mid-run. The
first, between rounds 19 and 20 on April 19, altered two of the feature blocks described in Section 3,
namely the BERTopic block and the ToM observer-view. The second, between rounds 98 and 99 on
April 23, replaced the per-user non-batched encoder calls with a single batched per-round call to the
sentence-transformer ensemble, without further altering the feature configuration. The live pipeline
therefore ran in three operational regimes, summarised in Table 4, only the first boundary of which is a
feature-regime boundary.

Phase 1 (rounds 0-19) executed the pre-fix code: per-user non-batched embedding of every text, en-
coding of the other_comments needed to populate the ToM observer-view, and the BERTopic transform
producing a real 41-dimensional topic block. Per-round wall-clock averaged approximately 100 minutes,



Table 4
The three live-submission operational regimes. The first boundary (rounds 19«>20) is a feature-regime change;
the second (rounds 98«<>99) is an encoder-batching change that did not alter the feature configuration.

Phase 1 Phase 2a Phase 2b
Rounds 0-19 20-98 99-500
Dates Apr 17-19 Apr 19-23 Apr 23-23
Per-round wall-clock =~ 100 min =~ 42-88 min = 3 min
Sentence-transformer encoding per-user per-user batched per round
other_comments encoded yes no no
Observer-view populated None None
BERTopic transform active (real 41-d)  skipped (41 zeros)  skipped (41 zeros)
RO alerts issued in phase 50 of 101 51 of 101 (combined)

dominated by the non-batched encoding of community comments. Phase 2a (rounds 20-98) executed
the first post-fix code, skipping the encoding of other_comments (so the observer-view was None
throughout) and the BERTopic transform (so the 41-dimensional topic block was zero throughout).
Per-round wall-clock fell modestly, from approximately 88 minutes at round 20 to approximately
42 minutes at round 98, the gradual decline reflecting cohort thinning rather than the code change itself.
Phase 2b (rounds 99-500) executed the second post-fix code, with the batched per-round encoder in
place. Per-round wall-clock dropped by roughly an order of magnitude to approximately 3 minutes
per round, and the remaining 402 rounds completed in under 24 hours. The feature configuration in
Phase 2b was identical to Phase 2a; only the operational cost changed.

The per-round wall-clock did not penalise the official scores: eRisk latency is round-indexed, namely
an alert at round k carries the same latency cost regardless of how long the server took to deliver round k,
so the wall-clock move from approximately 100 minutes to approximately 3 minutes per round changed
how long the submission took us, not where alerts fell relative to the round index. The metric-relevant
consequence of the two deployments is the feature-regime blend: 50 of Run 0’s final 101 alerts fired in
Phase 1 with the richer feature set, and 51 fired across Phases 2a and 2b combined under the degraded
configuration. The implications for Run 4 (the no-ToM ablation, additionally affected by a slot-[42]
semantic drift) are discussed in Section 5.

5. Results and Analysis

5.1. Decision-based metrics

Table 5 reports the decision-based metrics for the five submitted runs alongside their field rank. Runs 0
and 4 are tied for rank 5 of 70 systems in the field on F; = 0.80; the field leader (HUGETIME) reaches
F; = 0.83, and a cluster of three systems (UNED-GELP, NoirByte, MindAILab) sit immediately above us
at F; = 0.82 [3, 4]. Run 1, our ERDE5-optimised variant, reaches F; = 0.78 with the best early-detection
profile of our portfolio: ERDE5 = 0.15, ERDEs, = 0.05, and a median true-positive alert latency of 9
rounds against 13 for Run 0. Run 3 (the stacked ensemble at the intermediate operating point) reaches
F; = 0.75. Run 2 (the MLP under the conservative policy) is the recall-extreme outlier of the portfolio at
F; = 0.62, capturing 95% of positive subjects at precision 0.46, namely the operating point a recall-first
triage workflow would want.

The latency advantage of Run 1 is concrete enough to illustrate with two representative subjects.
Across the 28 true positives where Run 1 alerts at least 5 rounds earlier than Run 0, the median gap
is 21 rounds. The median case is Subject B: Run 0 alerts at round 50, Run 1 at round 29, exactly 21
rounds earlier. A larger gap arises with Subject A, whose round-by-round writing is sparse but who
receives substantial community concern across the stream: Run 0 alerts at round 41, Run 1 at round 4, a
gap of 37 rounds. This is the same subject we used in Section 1 to motivate the community-channel
argument, and the gap shows that an ERDE-aware threshold can capitalise on the community signal
early enough to matter. Mind that the official decision-based metrics reflect a blended pipeline: 50 of



Table 5
Official decision-based metrics for the five INSALyon runs on eRisk 2026 Task 2 [3, 4]. Field rank is on
F, within the full field of 70 runs.

Run Classifier P R F, ERDE; ERDE;, lat. TP F_
RO (FULL_XGBOOST_ERDE50) XGBoost 0.76 0.85 0.80 0.16 0.07 13.0 0.76
R1 (FULL_XGBOOST_ERDES5) XGBoost 0.69 089 0.78 0.15 0.05 9.0 0.75
R2 (FULL_NN_ERDE50) MLP 0.46 095 0.62 0.14 0.08 7.5 0.60
R3 (FULL_ENSEMBLE_BALANCED) ensemble 0.63 092 0.75 0.16 0.06 11.5 0.72
R4 (NO_TOM_XGBOOST_ERDE50) XGBoost 0.75 0.85 0.80 0.16 0.07 140 0.76
Field leader F;, (HUGETIME) 0.83
Field tie at rank 2 (UNED-GELP, NoirByte, MindAlLab) 0.82
Table 6
Official ranking-based metrics for the five INSALyon runs at round 500 [3, 4].
Run P@10 NDCG@10 NDCG@100
RO 1.00 1.00 0.89
R1 1.00 1.00 0.89
R2 1.00 1.00 0.85
R3 1.00 1.00 0.89
R4 1.00 1.00 0.89
Field leader (DeepCare) 0.91
Field rank 2 (MindAlLab) 0.90

Run 0’s 101 alerts fired in Phase 1 of the live submission (rounds 0-19, with BERTopic active and the
observer-view embedding live), and 51 fired across Phases 2a and 2b combined under the degraded
feature configuration (Section 4.2).

5.2. Ranking-based metrics

Table 6 reports the ranking-based metrics. All five runs reach a perfect top-10 ranking, namely P@10 =
NDCG@10 = 1.00, by round 100 and maintain this through round 500. The four full-feature runs
(RO, R1, R3, R4) reach NDCG@100 = 0.89 at round 500, tied for rank 3 of 70 systems in the field; only
DeepCare (0.91) and MindAILab (0.90) rank higher, and we are tied with five NoirByte runs at 0.89
(3, 4]. The MLP-only configuration (R2) reaches 0.85, separating it from the rest of our portfolio on
ranking quality just as it does on decision-based precision. The ranking quality stabilises early in the
stream, namely the four full-feature runs reach NDCG@100 = 0.84 at 100 writings, climb to 0.87 at
250 writings, and settle at 0.89 by 500 writings; the top-10 metrics (P@10 and NDCG@10) saturate
at 1.00 by the 100-writings checkpoint and stay there.

5.3. Finding 1: XGBoost carries, and the Wasserstein scales are unequal

Two observations explain the rank ordering across runs. First, gradient-boosted feature selection
handles the sparse, high-dimensional vector better than the alternatives we tried. On local re-scoring
across the 523 test subjects, Runs 0 and 4 produce 77 true positives against 24-25 false positives; Run 3
(the stacked ensemble) holds 49 false positives at slightly lower recall; Run 2 (the MLP under the same
threshold schedule) over-alerts to 102 false positives, namely more than the 91 total positives in the test
set. The MLP and the ensemble do not benefit from the threshold schedule that was tuned for XGBoost,
and we revisit this in Section 5.4.

Second, the multi-scale Wasserstein design of Section 3.3 is asymmetric in practice. On the mean-
symptom trajectory in the training simulation, the short scale fires for 153 subjects without the long
scale firing, while the long scale fires for only 5 subjects without the short scale firing. Mind that the



five long-only cases are not strongly discriminative: the canonical example, subject Subject C, is a
control subject that clears its firing threshold by 0.010, namely a single hundredth above the bar. The
short scale, by contrast, fires informatively on positives such as subject Subject D (17 short-scale fires
across the stream and no long-scale fires; Run 0 alerts at round 116). We carry the three-scale design
through to the live submission because we do not have the data to remove the long scale safely, but the
asymmetry suggests it is a candidate for removal or re-weighting (Section 7).

5.4. Finding 2: Train-to-test generalisation suggests a conservative calibration

The decision-based metrics of Section 5.1 are noticeably better than what we observed in 5-fold cross-
validation on the training data. XGBoost lifted from CV F; = 0.70 to test F; = 0.80 (a +0.10 absolute
jump), and the stacked ensemble lifted from CV F; = 0.63 to test F; = 0.75 (+0.12). The MLP was the
only configuration that did not lift, in fact moving in the opposite direction (CV = 0.65, test F; = 0.62,
namely —0.03); on the test cohort it reaches recall 0.95 at precision 0.46, i.e., it generalised by alerting
indiscriminately. We read this pattern as a sign that the 2025-derived feature distribution and the
threshold schedule generalised better to the 2026 test cohort than CV alone would have predicted, with
the MLP a clear exception.

A second observation concerns alert latency. On the eRisk 2026 test stream the median true-positive
alert latency is 13 for Run 0 and 9 for Run 1, namely Run 1 alerts a median of four rounds earlier than
Run 0 on true positives, at the cost of seven additional false positives (36 against 24). Mind that this is
consistent with how the threshold schedule was calibrated: 6(k) favours evidence accumulation over
early sensitivity (Section 3.6), and a more aggressive early-alert policy buys earlier detection at the
price of precision. A natural follow-up is to optimise the threshold directly against ERDEs5 rather than
F,, since the conservative calibration likely cost us ERDEs without a corresponding F; benefit, and the
trade-off is on the table for the next iteration (Section 7).

5.5. Finding 3: The no-ToM ablation is confounded by a train-test feature mismatch

Run 4 was intended to ablate the 47-dimensional ToM block, namely it is identical to Run 0 except
that the no_tom mask zeroes the ToM slot. The official metrics report the two runs as effectively
indistinguishable. Local re-scoring puts the difference at a single subject (one additional false positive
in Run 4) and the metric difference is at most 0.01 across F;, ERDEs, ERDEs, and Fgtency- The intuitive
reading, namely ToM features do not help XGBoost, is not supported by the design and we report this
transparently.

Two compounding implementation drifts confound the comparison. First, the live ToM block runs
the Option A embedding-only path (Section 3.4), so the 21 self-view symptom scores, 21 observer-view
symptom scores, observer depression probability, insight gap, observer concern level, and community-
response category are all zero at inference, whereas the classifier was trained on Option C features in
which each of these slots was populated by the LLM (Section 4.1). Second, and more subtly, slot [42]
carries a different quantity in training and at inference: at training, it is the self depression probability
that Prompt 1 returns, namely a bounded value in [0, 1]; at inference, it is the L2 norm of the cross-round
mean of the round-level mean target-text embeddings, which is unbounded and has no [0, 1] calibration.
The classifier therefore sees its trained “self depression probability” feature replaced by an out-of-
distribution semantic-mass proxy. Together, the structural zeroing of slots [0:42] and [43:47] and the
semantic drift at slot [42] mean that Runs 0 and 4 feed the same near-zero, partially semantically-
misaligned 47-dimensional block to the same classifier. The no_tom mask zeroes a block that is already
mostly zero, and the contrast collapses.

We can quantify what is lost in offline cross-validation. With Option C ToM features present, the
stacked ensemble gains +3.3 percentage points in F; relative to a no-ToM baseline on the training data.
That gain is on training-time Option C features and cannot be transferred to the live submission under
the present configuration: a clean test of ToM’s contribution would require wiring Option C into the
live run_pipeline, which we did not do (Section 7; Section 6).



6. Limitations

The most consequential limitation of DUET as evaluated is the gap between the ToM module as designed
and as built at training (Section 4.1) and the ToM module that ran at live inference (Section 4.2). The
classifiers were trained on the rich Option C signal in which all 47 dimensions were populated by the LLM,
but live inference produces a near-zero block with one slot ([42]) that carries an unbounded semantic-
mass proxy where the training-time pipeline put a bounded probability. As a direct consequence, Run 4
cannot be read as a clean ablation of the ToM contribution: Run 0 and Run 4 feed effectively the same
block to the same classifier, the mask zeroes a block that is already mostly zero, and the two runs differ
by a single subject (Section 5.5). The +3.3 percentage points in F; that ToM appeared to deliver in
cross-validation is, in this configuration, undelivered; we cannot from these results conclude that ToM
contributes nothing, only the more modest claim that we have not yet tested its contribution in the live
setting.

Two engineering realities shape what the official metrics can tell us. The live submission ran in two
code regimes whose blend is reflected in the reported scores: Phase 1 with BERTopic active and the
observer-view embedding live (rounds 0-19), and Phase 2 with both disabled (rounds 20-500); 50 of
Run 0’s 101 alerts fired under the richer Phase 1 configuration (Section 4.2). The adaptive threshold
schedule was calibrated for evidence accumulation rather than early sensitivity (Section 3.6): training
mean alert rounds (158 for Run 0, 114 for Run 1) were an order of magnitude later than the test medians
(13 and 9), namely the schedule was conservative for the cohort we faced, and a more aggressive
early-alert policy would likely improve ERDEs without material F; cost. A second calibration finding
concerns the multi-scale Wasserstein design: the long scale fires rarely and does so on a control example
that barely clears its threshold (Section 5.3); it is a candidate for removal or re-weighting that we have
not yet evaluated. The wall-clock pressure of the live run drove two mid-stream engineering changes
(Section 4.2). Neither was a limitation of the official metric, which is round-indexed, but together they
produced the regime split.

Two further limitations concern the scope of what we have evaluated. DUET is evaluated on a single
test cohort, namely 523 English-language Reddit subjects with a 17.4% positive rate, drawn from a
specific time period and platform (Section 2). The training data is the eRisk 2025 Task 2 release, used
here as a 2025-t0-2026 proxy despite a meaningfully different positive rate (11.2% versus 17.4%); we have
not assessed how the system generalises to other platforms, other languages, other demographics, or
any clinical population. Two design-choice sensitivities are similarly untested. The BDI-II “Variant C”
symptom phrasings (Appendix A) drive every cosine-based feature in Layer 1 and provide the reference
embeddings against which the Wasserstein and thread-topic features are computed. We have not
evaluated sensitivity to alternative formulations. The ordinal encoding of community_response_type
into a [0, 1] scalar (Section 3.4) is similarly a modelling assumption inherited from the codebase: we
have not tested it against alternatives such as a one-hot representation, a learned embedding, or removal.
Both are appendix-inspectable but empirically un-probed. A separate kind of design-time issue concerns
the Layer-3 emotion block (Section 3.2): the code reserves eight slots named for Plutchik’s primary
emotions, while the model is trained on Ekman’s six emotions plus a neutral class, so two emotion slots
are structurally zero and the model’s neutral score is dropped before renormalisation. The mismatch
is internally consistent across training and inference, namely every classifier was trained on the 9-
dimensional block in this configuration, but was not corrected for the submission because doing so
would have required retraining every classifier on a different feature matrix.

7. Conclusion

We have presented DUET (Dual-view Evidence Tracking), an incremental per-user accumulator for
contextualised early detection of depression on a stream of Reddit threads. DUET maintains a per-user
state across rounds and folds new threads into a =2341-dimensional feature vector that combines
target-text embeddings, community-channel signals, multi-scale Wasserstein temporal-shift detection, a



designed dual-mentalising Theory-of-Mind module, and a Thompson-sampled symptom personalisation.
Two of our five submitted runs tied for rank 5 of 70 systems on F; = 0.80, four of the five runs reached
perfect top-10 ranking quality from round 100 onwards with NDCG@100 = 0.89 at joint rank 3 in the
field, and our ERDE5-optimised run reached ERDEs = 0.15 at a median true-positive alert latency of 9
rounds.

Three directions follow most directly from the present findings. The first is wiring the designed
Option C ToM module into the live pipeline: this would eliminate the train-test feature mismatch
documented in Section 5.5 and turn Run 4 into an interpretable test of the ToM contribution, namely the
experiment we intended to run but could not given the operational constraints of the live submission.
The second is optimising the decision threshold directly against ERDEs rather than against Fj, since the
conservative calibration cost ERDEs without a corresponding F; benefit on the test cohort (Section 5.4).
The third is engineering the live pipeline for per-round wall-clock constraints from day one, so the full
designed feature set is available under operational pressure rather than being progressively disabled
during the run (Section 4.2). A smaller follow-up is the multi-scale Wasserstein design: the long scale
fires rarely and not class-discriminatively (Section 5.3), a candidate for removal or re-weighting in the
next iteration.
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A. Appendix: ToM System Prompts

This appendix reproduces verbatim the two system prompts and the thread-transcript format used by
the designed ToM module of Section 3.4, namely Prompt 1 (self-view) and Prompt 2a (observer-view,
independent). These are the prompts that built tom_features.npz, the training feature matrix the
shipped classifiers learned from (Section 4.1). The full source is available in the project repository at
src/erisk_task2/tom/prompts.py.

A.1. BDI-II Variant C symptom definitions

The 21 symptom definitions below are inlined verbatim into both prompts. They originate in layer1.py
(SYMPTOM_DESCRIPTIONS) and are formatted into the prompts at ToMModule.__init__ time, so the
resulting prompt strings are byte-identical across every call to the same prompt type.

1-Sadness: Persistent feelings of sorrow, unhappiness, or
emotional pain.

2-Pessimism: Discouragement and hopelessness about the future.

3-Past failure: Feeling like a failure, seeing many
disappointments.

4-Loss of pleasure: Reduced enjoyment of activities,
hobbies, social life.

5-Guilty feelings: Excessive guilt, self-blame for
bad things.

6-Punishment feelings: Expectation of punishment, sense that
bad things are deserved.

7-Self-dislike: Self-criticism, disappointment in
oneself as a person.

8-Self-criticalness: Harsh self-judgment for all
faults and mistakes.

9-Suicidal thoughts: Thoughts of ending one's life,
death wishes.

10-Crying: Increased tearfulness, uncontrollable
emotional outbursts.

11-Agitation: Restlessness, irritability, inability
to stay still or relax.

12-Loss of interest: Social withdrawal, apathy,
not caring about things.

13-Indecisiveness: Difficulty making decisions,
putting off choices.

14-Worthlessness: Profound sense of having no value,
being useless.
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15-Loss of energy: Fatigue, everything takes extra effort.
16-Sleep changes: Insomnia, oversleeping, or disrupted
sleep patterns.
17-Irritability: Short temper, easily frustrated or angered.
18-Appetite changes: Eating much more or less,
weight gain or loss.
19-Concentration difficulty: Brain fog, difficulty
focusing, forgetfulness.
20-Tiredness/fatigue: Constant exhaustion, lack of
motivation due to tiredness.
21-Loss of interest in sex: Reduced libido, no sexual desire.

The line wrapping above is editorial: the codebase emits each definition as a single unbroken line.

A.2. Prompt 1 — Self-view system prompt

Issued when the target user has at least one own contribution in the thread (thread.has_target_text
== True). The system message below is sent as a single role: "system" message with the BDI-II defi-
nitions of Appendix A.1 inlined where indicated; the corresponding user message is the concatenation
of every text the target authored in the thread, in chronological order, joined by blank lines.

System message (verbatim):

You are a clinical psychologist analyzing social media
text for indicators of depression. Assess the user's
mental state based SOLELY on their own writings. Report
only symptoms where you find textual evidence. Respond
with valid JSON only.

BDI-II Symptom Definitions:
[21-symptom block from Appendix A.1, inlined verbatim]

Output format:

{
"active_symptoms": {
"<symptom_name>": {"score": <1-3>,
"evidence": "<brief quote or paraphrase>"},
¥
"depression_probability": <0.0-1.0>,
"overall impression": "<1-2 sentences>"
}

Severity scale: 1=mild/possible, 2=moderate/clear,

3=severe/strong.

If no indicators found, return:

{"active_symptoms": {}, "depression_probability": 0.0,
"overall impression": "No indicators observed."}

User message template (verbatim):

The following texts were written by a single user in
an online discussion thread:

{target_user_texts}



The placeholder {target_user_texts} is replaced at call time by
"\n\n".join(thread.target_texts), namely every text the target authored in the current
thread, joined by blank lines, in chronological order.

A.3. Prompt 2a — Observer-view system prompt, independent

Issued for every thread, including silent threads where Prompt 1 is skipped. The system message
inlines the BDI-II definitions of Appendix A.1 and asks the model to attend to the [ TARGET] markers in
the formatted transcript described in Appendix A.4. The corresponding user message is the priority-
truncated transcript itself.

System message (verbatim):

You are a clinical psychologist observing an online
discussion. Assess how OTHER PEOPLE in the conversation
perceive and respond to a specific target user marked
with [TARGET]. Focus on what the community's reactions
reveal about the target user's mental state. Respond
with valid JSON only.

BDI-II Symptom Definitions:
[21-symptom block from Appendix A.1, inlined verbatim]

Output format:
{
"perceived_symptoms": {
"<symptom_name>": {
"score": <1-3>,
"observer_signal": "<what in others' responses
suggests this>"

}’

s

"observer concern level": <0-3>,

"community_response_type": "<concern|support|advice|
normalization|casual |mixed>",

"depression_probability": <0.0-1.0>,

"key_observation": "<1-2 sentences>"

User message: the priority-truncated transcript built by format_thread(), described in Ap-
pendix A.4.

The downstream encoding of the community_response_type categorical into a scalar in [0, 1]
is {concern: 1.0, support: 0.8, advice: 0.6, mixed: 0.5, normalization: 0.3, casual:
0.0}; this scalar occupies slot [46] of the ToM block (Section 3.4).

A.4. Thread transcript schema

The formatted transcript serves as the entire user message for Prompt 2a. It is built by format_thread()
(thread_formatter.py) and applies a four-class priority truncation governed by a 2000-token budget
(interpreted as approximately 8000 characters via a 4-chars-per-token heuristic, minus header and
footer).

Priority classes.



P1 Target’s own posts, and direct replies to the target. Kept in full. If even P1 overflows the budget,
the offending line is truncated to the remaining budget (only if more than 50 characters remain)
with a trailing . . ., and iteration stops.

P2 Other nodes inside reply branches that include the target. Kept in full if budget allows, omitted
otherwise.

P3 Non-target nodes one hop further out from a target branch. Truncated to the first 100 characters
witha ... [+{N} more chars] suffix, or omitted if budget is exhausted.

P4 Nodes in branches with no target participation. Always omitted.

Per-node format. Each kept node is one of the following (the [TARGET] suffix appears only when
the corresponding author is the target):

[POST] <author>[TARGET]: <body>

[REPLY to POST by <parent_author>[TARGET] ]
<author>[TARGET]: <body>

[REPLY to <parent_author>[TARGET]]
<author>[TARGET]: <body>

[COMMENT] <author>[TARGET]: <body>

Envelope:

=== THREAD (Round <N>) ===
Title: <thread.title or "[no title]">

<P1 lines>
<P2 lines>

<P3 lines>

END THREAD ===

Silent-thread short-circuit. When the target contributed no text to the thread, the formatter emits
the envelope above with body content replaced by:

[TARGET did not contribute text in this thread]

In this case, Prompt 1 is not sent (self_view = None) and only Prompt 2a is issued with the place-
holder transcript above.

A.5. Dormant prompts (defined but not used at the default config)

The codebase defines three further prompts that are not invoked under the default configuration. None
of them was used to build tom_features.npz or in the live submission. We reproduce them here for a
complete record of what the codebase contains.

A.5.1. Prompt 2b — Observer-view, chained

Available when chained=True; the default config sets this to False, so Prompt 2b never fired in the
training-feature build. Differs from Prompt 2a in that it ingests Prompt 1’s parsed self-view response
in the user message before producing observer scores, and its output schema includes an explicit
perspective_gap object and an insight_assessment field.

System message (verbatim):



You are a clinical psychologist comparing two
perspectives on a social media user: how they present
themselves versus how others perceive them. The user is
marked with [TARGET]. Respond with valid JSON only.

BDI-II Symptom Definitions:
[21-symptom block from Appendix A.1, inlined verbatim]

Output format:

{
"perceived_symptoms": {
"<symptom_name>": {"score": <1-3>,
"observer_signal": "<evidence>"},
¥
"observer concern_level": <0-3>,
"community_response_type": "<concern|support|advice|
normalization|casual |[mixed>",
"depression_probability": <0.0-1.0>,
"perspective_gap": {
"self_higher": ["<symptoms user rates higher than
observers>"],
"observer_higher": ["<symptoms observers detect but
user doesn't express>"],
"alignment": "<aligned|user_minimizes|
user_exaggerates|mixed>"
¥
"insight_assessment": "<1-2 sentences>"
}

User message template (verbatim):

A previous assessment of this user's OWN writings found:
{self_view_json}

Full conversation thread:
{formatted_thread}

The placeholder {self_view_json} is replaced at call time by the raw JSON of Prompt 1’s parsed
response, re-serialised via json.dumps(self_view).

A.5.2. Prompt 3 — Severity assessor (BDI-II total score)

Defined in prompts. py but no call site in the Task 2 pipeline references it. Estimates depression severity
on the 0-63 BDI-II total scale, explicitly conditioned on a base-rate prior.

System message (verbatim, with the BDI-II definitions inlined where {symptom_definitions}
appears):

You are a depression screening tool. Given a user's
accumulated social media posts, estimate depression
severity on the BDI-II scale (0-63). Be calibrated: most
social media users are NOT depressed (base rate ~10%).
Respond with valid JSON only.



BDI-II severity categories:
Minimal: 0-13
Mild: 14-19
Moderate: 20-28
Severe: 29-63

{symptom_definitions}

Output format:

{
"bdi_total": <0-63>,
"severity": "<minimal|mild|moderate|severe>",
"trajectory": "<stable|worsening|improving |

fluctuating>",

"active_symptoms": ["<symptoml>", "<symptom2>", ...],
"confidence": <0.0-1.0>

}

User message template (verbatim):

Posts by a single user, chronological order. Total:
{n_posts} posts over {current_round} rounds.

{accumulated_texts}

A.5.3. Prompt 4 — Response-category classifier (Option B)

Invoked only when method="option_b", which the default config does not select. Classifies a single
reply to a target text into one of seven categories. Output is plain text (no JSON), matched case-
insensitively against the seven labels.

System message (verbatim):

Classify the reply into exactly one category reflecting
what it reveals about the replier's perception of the
original poster. Respond with the category label only,
nothing else.

Categories:

CONCERN - Expresses worry about the user's wellbeing
ADVICE - Suggests help, therapy, or coping strategies
EMOTIONAL_SUPPORT - Empathy, validation, comfort
NORMALIZATION - Suggests the situation is normal
SHARED_EXPERIENCE - Relates personal similar experience
PRACTICAL_SUPPORT - Offers specific resources

CASUAL - No mental health signal

User message template (verbatim):

Target user wrote: "{target_text}"
Someone replied: "{reply_text}"

The placeholders {target_text} and {reply_text} are each truncated to 200 characters before
substitution.
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