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Abstract

This paper describes the participation of the HUTECH-NLP team in Task 2 of eRisk 2026 - Contextualized Early
Detection of Depression. This task aims to detect depression as early as possible from Reddit users by analyzing
both the posts of each target user and the entire conversational threads in which the target user intervened. The
conversational threads leverage the surrounding social context to make more reliable and timely decisions. To
tackle this task, we propose a two-step pipeline. The first step filters depression posts through two successive
filters: an E5 sentence encoder screens user posts with BDI-II symptoms to obtain candidate depression posts,
and an ensemble of MentalBERT models classifies the candidates using context-enhanced posts. The ensemble
is fine-tuned with a stratified group K-fold strategy partitioned by user to avoid data leakage, and trained with
focal loss and class weighting to handle class imbalance. The second step detects depression users by aggregating
post-level scores over the complete posting history into a user-level decision governed by a majority condition.
We explore five configurations to observe different trade-offs with Precision, Recall, and Latency. On the dataset
of 500 user threads in eRisk 2026 Task 2, we achieved our best F1 score of 0.74, with Precision of 0.77 and Recall of
0.70, while maintaining very low decision latency. The experimental results show that combining conversational
context, symptom-based retrieval, and a leakage-free ensemble of domain-specific language models is effective
for early depression detection.
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1. Introduction

Depression is among the most widespread mental health disorders in the world. According to the World
Health Organization, as of 2025, approximately 332 million people live with depression, which is 5.7%
of adults (4.6% of men and 6.9% of women) [1]. These numbers emphasize the severity of depression
as a public health concern that extends across all regions and age groups. Despite the importance of
the problem, access to mental care remains limited. In developed countries (e.g., the United States,
the United Kingdom, and Australia), only about one third of patients affected by depression receive
treatment, and the gap is considerably wider in least developed and developing countries [1]. This
shortfall is due in part to social stigma, insufficient investment in mental health services, and a chronic
shortage of trained professionals. As a consequence, a large proportion of cases remain undiagnosed
and untreated. These remaining cases highlight a critical need for scalable, non-intrusive, and timely
screening methods that can complement, rather than replace, traditional clinical assessment.

Clinical interviews are commonly used to assess an individual’s depressive state at a single point
in time. In contrast, social media generates continuous and naturally occurring streams of behav-
ioral and linguistic signals. These data provide rich information for large-scale analysis of mental
health-related signals. Recent advances in natural language processing and deep learning, and in
particular Transformer-based language models, have demonstrated a strong capacity to capture the
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subtle contextual cues associated with depression. Therefore, Transformer-based language models have
motivated their application to early risk detection on the Internet.

1.1. Task 2 at eRisk 2026 - Contextualized Early Detection of Depression

The CLEF eRisk lab has been the reference evaluation forum for early risk prediction on the Internet
since 2017. This forum provides annual shared tasks, datasets, and metrics which allow systems for the
detection of mental health conditions to be compared under common conditions. Task 2 of the eRisk
2026 [2, 3] addresses the contextualized early detection of depression. Task 2 extends the challenge
introduced in eRisk 2025 [4] by releasing the full Reddit discussion threads, in which a target user
participates, rather than the isolated posts authored by that user.

This change enriches the information available to participating systems. The input for each target
user comprises the posts written by the user, the comments and replies contributed by other participants,
together with the relational structure that links the messages within multi-party conversations. The
underlying motivation is that the clinical relevance of a message often becomes apparent only when it
is interpreted alongside its surrounding context; a seemingly neutral reply, for instance, may reveal
hopelessness when read as a response to criticism or a plea for help.

1.2. Contributions

This work describes the participation of the HUTECH-NLP team in Task 2 of eRisk 2026. The main
contributions are summarized as follows:

+ A two-step detection pipeline. The proposed system first filters depression posts through a
screener guided by a psychiatric scale based on E5 and a fine-tuned MentalBERT ensemble, and
then detects depression users by aggregating post-level scores into a decision governed by a
majority condition, integrating clinical knowledge with domain-specific language modeling.

« A majority condition for alerting. An alert is triggered only when more than half of a user’s
posts exhibit depressive signals. This requirement substantially reduces false positives that would
otherwise arise from a small number of isolated risk-bearing messages.

+ A full-history aggregation. Eight complementary features are computed over the complete
posting history of each user, without buffer limitations, so that long-term behavioural patterns
are captured rather than only the most recent writings.

+ Diverse run strategies. Five submission runs are configured to optimize different evaluation
dimensions, ranging from early detection to balanced F1 and high-precision performance, allowing
the trade-offs of the task to be explored systematically.

2. Related Work

2.1. Depression Detection from Social Media Text

Research on automatic depression detection from social media text has evolved considerably over
the past decade [5]. Early systems relied on handcrafted features, such as sentiment lexicons, word
frequency statistics, and linguistic markers, which were fed into traditional machine learning classifiers.
These methods were gradually superseded by deep learning approaches, such as Convolutional Neural
Networks and Long Short-Term Memory networks. These deep learning techniques learn discriminative
representations directly from text and reduce the dependence on manual feature engineering.

The introduction of Transformer architectures mark a further turning point. Pre-trained language
models such as BERT [6] and RoBERTa [7], together with domain-adapted variants such as MentalBERT
[8], have achieved state-of-the-art results across a range of mental health text classification benchmarks.
Their capacity to model contextual meaning allows them to capture subtle cues of psychological distress
that lexicon-based methods tend to overlook.



2.2. MentalBERT and Domain-Specific Large Language Models

MentalBERT [8] is a Transformer language model initialized from BERT and further pre-trained on a
large collection of mental health related posts gathered from Reddit communities. Through this domain
adapted pre-training, the model acquires a vocabulary and a set of contextual representations that
are aligned with the way users discuss emotional states online. As a result, MentalBERT consistently
outperforms general purpose BERT on mental health classification tasks, including depression and
suicidal ideation detection.

The success of MentalBERT reflects a broader trend toward specialized pre-training for mental health
natural language processing. MentalBERT’s performance shows that specialized in-domain training
is an effective way to bridge the gap between general language understanding and the specialized
terminology used in mental health.

2.3. Psychiatric-Scale-Guided Approaches

A complementary direction integrates clinical achievements directly into the detection pipeline. Zhang
et al. [9] pioneered psychiatric-scale-guided risky post screening, in which the embedding of each post
is compared, through cosine similarity, with textual descriptions of the items of clinical depression
scales such as the BDI-II [10]. The most similar posts to a scale item are treated as risky and prioritized
for further analysis, which both reduces the volume of text to process and provides an interpretable
diagnostic basis grounded in clinical criteria.

The BDI-II [10] is a widely validated self-report inventory composed of 21 items, which cover the
cognitive, affective, and somatic symptoms of depression, with scores grouped into minimal, mild,
moderate, and severe severity levels. Screening with such a scale bridges the gap between data-driven
natural language processing and the diagnostic standards used in clinical practice, and it forms the
conceptual basis for the symptom-guided screening stage adopted in this work.

2.4. Ensemble Methods in Text Classification

Ensemble learning is a well established strategy for improving the robustness of text classifiers. Common
approaches include hard voting, which selects the majority predicted label, soft voting, which averages
the predicted probabilities of several models, and stacking, which trains a meta classifier on the outputs
of base models. K-fold cross validation offers a natural source of diverse ensemble members, since each
fold yields a model trained on a different partition of the data. Selecting only the strongest folds, rather
than combining all of them, can further reduce the noise introduced by weaker models. Following this
principle, the present work adopts soft voting over the three best folds, chosen according to validation
F1, to form its depression classifier.

3. Methodology

Figure 1 illustrates our proposed two-step pipeline for detecting depression:

« Step 1: Filtering depression posts. User posts are classified into two categories: depression posts
and normal posts. Section 3.1 details the process of filtering depression posts using pre-trained
large language models.

« Step 2: Detecting depression users. Using depression posts and corresponding contexts of each user,
we propose a formula to calculate a depression score. Then, the status of depression is decided by
a chosen threshold. Section 3.2 details the calculation of the depression score.
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Figure 1: Overview of our proposed pipeline: Step (1) Filtering depression posts using two successive filters, and
Step (2) Detecting depression users using our proposed formula.

3.1. Filtering Depression Posts

The first step reduces each user’s writings to the depression posts, which are most likely to carry
diagnostic signals. Two successive filters, both based on pre-trained large language models, are employed:
the E5 model [11] and a fine-tuned MentalBERT [8].

« The first filter is based on BDI-II symptom similarity. Every post, paired with the BDI-II symptom
descriptions, is passed to the E5 encoder to produce BDI-II-related scores for the post (Section 3.1.1).
Then, posts whose scores fall below a threshold are removed, and the remaining posts form
the set of depression-suspected posts. This step concentrates on clinically relevant content and
discards posts that are unlikely to relate to mental states, such as casual conversation or topics
unrelated to depression.

+ The second filter is based on depression probability. The depression-suspected posts, as the results
from the first filter, are scored by a fine-tuned MentalBERT model (Section 3.1.2). Posts with low
MentalBERT scores are in turn discarded. At this step, the remaining writings are both related
to the BDI-II symptoms and are confidently classified as depressive contribute to the user-level
decision. To serve the second filter, MentalBERT has been adapted to the depression detection
task and assigns each post a depression probability. The fine-tuning of MentalBERT is described
in Section 3.1.3.

3.1.1. Compute Similarity by E5 Language Model

The symptom similarity filter is guided by the BDI-II inventory, which anchors the filter in an estab-
lished diagnostic instrument rather than in surface keywords. It relies on a set of 24 short symptom
descriptions derived from the BDI-II. Three of these are direct statements of depression, namely I feel
depressed., I am diagnosed with depression.,and I am treating my depression.,
while the remaining 21 correspond to the individual BDI-II symptom items, covering manifestations
such as sadness, discouragement about the future, feelings of failure, loss of pleasure, guilt, self-criticism,
suicidal thoughts, changes in sleeping pattern, loss of energy, irritability, changes in appetite, difficulty
concentrating, and fatigue. The complete list is provided in Appendix A.

Both the templates and the posts are embedded with the same E5-base encoder. Following the
convention of the E5 model, each template is encoded with the query: prefix and each post with the
passage: prefix. Sentence embeddings are obtained by mean pooling the last hidden states, weighted
by the attention mask, and are subsequently normalised to unit length with L2 normalisation. The posts
are encoded from their raw text so that the screening reflects the original wording of the user.

For each post 7, a BDI-II-related score is defined as the maximum cosine similarity between its
embedding and any of the 24 template embeddings:
passage ezuery) ) (1)

r; = max cos(el- s

1<k<24



Because the embeddings are L2 normalised, the cosine similarity in Eq. (1) reduces to a dot product.
A high value of r; indicates that the post is semantically close to at least one depressive symptom
description.

The set of depression-suspected posts is determined by a dynamic threshold 6 that adapts to the
number of posts available for the user in the current round. When a user has more than three posts, the
threshold is

0 = max(Qo.7({r:}), 0.3), (2)

that is, the larger value of the 70" percentile of the observed scores and a minimum BDI-II threshold
of 0.3. When a user has three or fewer posts, the percentile-based component is omitted and only
the minimum BDI-II threshold § = 0.3 is applied, since a reliable quantile cannot be estimated from
so few observations. All posts with ; > 6 are retained. If no post reaches the threshold, the single
highest-scoring post is kept as a fallback, so that at least one post always proceeds to the MentalBERT
filter.

3.1.2. Compute Similarity by Fine-tuned MentalBERT

Unlike the E5 filter works on raw post text, the MentalBERT classifier receives each depression-
suspected post together with its conversational context. This context addresses a characteristic of
the contextualized task, which is the relevance of a writing frequently depends on the conversation
that surrounds it. Note that, following the eRisk terminology, we use the term writing to refer to any
individual message authored by a user. Every writing of the target user is therefore formatted using
one of two templates, according to whether contextual information is available.

When context is present, the input follows the template

[CLS] [SOCIAL_CTX] {context} [SEP] [TARGET] {text} [SEP],
and when no contextual information is associated with the writing, the template is reduced to
[CLS] [NO _CTX] [SEP] [TARGET] {text} [SEP].

The special markers [ SOCIAL_CTX] and [ TARGET] delimit the two information sources. The marker
[NO_CTX] signals the absence of context so that the model can treat isolated writings consistently rather
than confusing an empty context with a meaningful one. The context is drawn from the contributions
of other participants in the same discussion thread: comments authored by users other than the target
are collected, filtered to discard empty or removed content, and concatenated under per comment and
overall length limits. For writings that correspond to a reply by the target user, the parent comment is
prioritised as the context source, since it provides the most direct conversational antecedent; when the
parent comment cannot be recovered, the system falls back to the general thread context.

3.1.3. Fine-tuning MentalBERT using eRisk 2025 Data

Training data and group K-fold split. The classifier is a MentalBERT model fine-tuned for post-
level depression detection. The training corpus comprises 419,192 posts written by 909 users, of whom
807 are labelled as control and 102 as depressed, which corresponds to a prevalence of approximately
11.2%. Together with the variable number of posts per user, this imbalance requires a carefully designed
data split and a class-weighted training objective. The data are partitioned with a group-aware variant
of five-fold cross-validation. A StratifiedKFold split is first applied to a user-level table, with one
row per user, stratified by the depression label so that the proportion of depressed users is preserved
across folds. The resulting user-level partition is then mapped back to the post level, so that every post
inherits the fold assignment of its author. Each validation fold contains approximately 181 to 182 users,
of which around 161 are control and 20 to 21 are depressed.

A central property of this split is the prevention of data leakage: all posts written by a given user are
assigned to exactly one fold. This requirement is verified through two assertions: each user appears in
only one validation fold and no pair of folds shares any user. The motivation for splitting at the user level



rather than at the post level is based on an observation: a random split over posts would place writings
of the same user in both the training and the validation set, and therefore the model is possibly memorise
user-specific writing style and vocabulary instead of learning generalisable indicators of depression.
Such leakage inflates validation metrics and yields an over-optimistic estimate of performance on
unseen users. Because the deployment scenario of early detection involves users who has never been
encountered during training the model, a user-level split is the appropriate evaluation protocol.

Training configuration. The base model is MentalBERT, a BERT model pre-trained on mental health
corpora drawn from Reddit communities and related clinical text, loaded from a local copy so that
training does not depend on any external service. To address the class imbalance, training minimises a
class-weighted focal loss:

ﬁfocal = —0y (1 - pt)’y IOg(pt)u (3)

where p; is the predicted probability of the ground truth class. The focusing parameter is set to v = 2.0,
which down-weights easy examples and concentrates the gradient on hard cases. The class weights o
are obtained by an inverse-frequency rule that up-weights the depressed class to compensate for its
roughly fivefold under-representation at the post level, and are then normalised so that the two weights
sum to two.

The model is fine-tuned for two epochs with a learning rate of 1.5 x 10~°. A per-device batch size
of 64 combined with a gradient accumulation of four steps yields an effective batch size of 256. The
learning rate follows a cosine decay schedule with a warmup ratio of 10%. Regularisation is provided by
a weight decay of 0.05 and a label smoothing factor of 0.05. We adopt a partial layer-freezing strategy:
the embedding layer and the first two encoder layers are frozen, while the remaining ten encoder layers,
the pooler, and the classification head remain trainable. Freezing the lower layers reduces the risk
of overfitting to the comparatively weak depressed-class signal, while retaining the domain-specific
representations acquired during MentalBERT pre-training.

Ensemble construction. Once the five folds have been trained, they are ranked by their validation
F1 score, and the three best folds, namely Fold 3, Fold 4, and Fold 1, are selected as the members of the
ensemble, while the two weakest folds are excluded so that they do not dilute the aggregate performance.
At inference time, each ensemble member independently estimates the probability that a post indicates
depression, P(depressed | post), through a softmax over its output, and the final post level probability
is computed as the arithmetic mean of the three predictions. A post is then counted as depressive when
this probability satisfies P(dep) > 0, with § = 0.5, which constitutes the second filter of Step 1 and
feeds the user level aggregation described next.

3.2. Compute User Depression Score

The second step condenses the post-level predictions accumulated for each user into a single user-level
depression score and then decides whether to issue an alert. All posts processed for a user are retained
across rounds without any buffer limit, so that the score can draw on the complete posting history of
user as evidence accumulates over the course of the interaction.

The user-level score combines eight complementary features, listed in Table 1, each capturing a
different facet of the accumulated evidence. The features range from central tendency measures of the
predicted depression probability, such as its mean over risky posts and over all posts, to extreme value
summaries, such as the maximum and the 90" percentile, and to proportion-based indicators, such as
the fraction of posts classified as depressive and the fraction of risky posts exceeding the post-level
threshold. The mean BDI-II score links the aggregation back to the E5 filter, while the evidence feature
is a stepped sufficiency indicator that increases with the number of available posts.

The raw user-level score is the weighted sum of the eight features, constrained to the unit interval:

S = min(l, max(O, iwﬁ»), (4)
i=1



Table 1
The eight features and their weights in the user-level depression score.

Feature Weight Description

avg_dep_risky 0.25 Mean depression probability across risky posts
max_dep 0.15 Maximum depression probability

p90_dep 0.10 90t percentile of depression probability
dep_post_ratio 0.15 Fraction of posts with P(dep) > 0.5
high_ratio 0.10 Fraction of risky posts exceeding the threshold
avg_bdi 0.10 Mean BDI-II similarity score

avg_dep_all 0.10 Mean probability across all posts

evidence 0.05 Sufficiency indicator based on post count

where f; and w; denote the ith feature and its weight. The evidence feature itself takes one of five discrete
levels, increasing from 0.2 for fewer than five posts to 1.0 for at least fifty posts, with intermediate
levels at five, ten, and twenty posts.

To avoid premature alerts when limited evidence is available, the score is attenuated according to the
total number of posts n observed for the user:

0.705 ifn < 3,
Sadj =4 0.858 if3 <n <5, ()
S otherwise.

This penalty prevents confident alerts in the early rounds, when a user may have written only one or
two posts, while leaving the score unchanged once a sufficient history has accumulated.

Decision with majority condition. A user is predicted as depressed when the adjusted score
reaches the prediction threshold, S.qj > Tpred, for Teon consecutive rounds. The consecutive-round
requirement guards against isolated spikes in the score: a round in which the threshold is not met resets
the counter, so that an alert is issued only after a sustained pattern of risk. In the runs that enable it, a
majority condition is imposed in addition: when the fraction of a user’s posts classified as depressive
(P(dep) > 0.5) does not exceed one half, the adjusted score is capped at 0.9 Tyreq, Which keeps it below
the prediction threshold and thereby suppresses the alert. In effect, an alert is permitted only once
a majority of the user’s posts exhibit depressive signals, which substantially reduces false positives
arising from a small number of isolated risk-bearing messages.

4. Experiments and Evaluations

4.1. Dataset

Regarding the fine-tuning of MentalBERT, the training corpus consists of 419,192 posts written by
909 users, of whom 807 are labelled as control and 102 as depressed. The resulting class distribution,
88.8% control against 11.2% depressed, reflects the severe imbalance that is characteristic of depression
detection datasets and that motivates the class-weighted training objective described earlier.

4.2. Evaluation Metrics

Two families of metrics are used, following the official evaluation of the task. The decision based metrics
assess the binary alerts issued for each subject and comprise precision P, recall R, and the F1 score
computed with respect to the positive class, together with the early risk detection error at two penalty
settings, ERDE5 and ERDE5, the median latency over true positives, latencyp, the speed factor, and
the latency weighted score Flytency- The ranking-based metrics assess the quality of the risk ranking



produced after each data release and comprise P@10, NDCG@10, and NDCG@100, reported after 1,
100, 250, and 500 writings.

4.3. Cross-Validation Results at the Post Level

Before the official submission, the classifier was assessed through the user disjoint five fold cross
validation described in Section 3. Table 2 reports, for each fold, the F1 score, Recall, and Precision at the
default decision threshold 7 = 0.5, the ROC-AUC, and the F1 obtained at the best per-fold threshold.
Because the validation sets contain only users that are absent from the corresponding training set,
these figures provide a realistic estimate of generalization to previously unseen users rather than an
over-optimistic post-level score.

Table 2
Per fold cross validation results on user disjoint validation sets. The best value in each column is shown in bold.

Fold F1 Recall Precision ROC-AUC BestT BestF1

0 0.4518  0.7590 0.3216 0.8232 0.575 0.4976
1 0.4789  0.7754 0.3465 0.8309 0.625 0.5277
2 0.3427  0.5434 0.2503 0.6804 0.600 0.3611
3 0.5315 0.6600 0.4448 0.8319 0.550  0.5544
4 0.5205  0.7255 0.4058 0.8295 0.550 0.5395
Mean  0.4651  0.6927 0.3538 0.7992 — 0.4961
+Std  0.0675 0.0830 0.0680 0.0590 — 0.0696

4.4. eRisk 2026 Online Submission Statistics

Table 3
Configurations for online submissions of HUTECH-NLP team.
Run BDI-1I MentalBERT User Depression  Depression  Consecutive
Threshold Threshold Score Tpred Post Rate Post
0 0.3 0.5 score > 0.5 rate > 0% 1
1 0.3 0.5 score > 0.6 rate > 0% 1
2 0.3 0.5 score > 0.7 rate > 0% 1
3 0.3 0.5 score > 0.5 rate > 50% 1
4 0.3 0.5 score > 0.5 rate > 50% 2

In the official online evaluation, the HUTECH-NLP team submitted five runs and processed the
complete set of 500 user threads released by the server. The configurations are shown in Table 3.
All five submitted runs share the screening and classification pipeline and the two fixed thresholds,
the minimum BDI-II threshold (0.3) applied in the E5 filter and the post-level depression threshold
(0.5) applied to the MentalBERT probabilities, and differ only in the decision criterion applied to the
user-level score. Runs 0, 1, and 2 vary the user depression score threshold 7,eq from 0.5 to 0.7 to trade
recall for precision. Runs 3 and 4 additionally require more than half of the user’s posts to be classified
as depressive. Run 4 additionally requires two consecutive posts to be classified as depressive. The full
interaction, measured from the first to the last response, was completed in two days and three hours,
which places the system among the ten teams that covered the entire test collection.

4.4.1. Decision-Based Results

The decision-based results of the five runs are reported in Table 4. The best balanced behavior is
obtained by run 2, which reaches an F1 of 0.74 with a precision of 0.77 and a recall of 0.70. The



Table 4
Task 2 decision-based results for the HUTECH-NLP runs. The best F1 and Fjatency are in bold.

Run P R F1 ERDE; ERDE5p latency;, speed  Flaency

0 0.31 099 0.48 0.09 0.07 1.00 1.00 0.48
1 048 096 0.64 0.09 0.05 3.00 0.99 0.63
2 0.77 0.70 0.74 0.11 0.06 4.00 0.99 0.73
3 0.40 093 0.56 0.08 0.06 1.00 1.00 0.56
4 0.43 092 0.59 0.09 0.05 3.00 0.99 0.58

remaining runs favor recall over precision: runs 0, 1, 3, and 4 attain recall values between 0.92 and
0.99, but their precision falls between 0.31 and 0.48, which lowers their F1 accordingly. This pattern is
consistent with the design of the decision stage, in which run 2 applies the highest score threshold and
therefore issues fewer but more reliable alerts.

4.4.2. Ranking-Based Results

Table 5
Task 2 ranking-based results for the HUTECH-NLP runs. All five runs obtain identical values at each observation
point.

1 writing 100 writings 250 writings 500 writings

P@10 1.00 1.00 1.00 1.00
NDCG@10 1.00 1.00 1.00 1.00
NDCG@100 0.71 0.82 0.84 0.85

Table 5 reports the ranking-based results, measured after 1, 100, 250, and 500 writings. The five runs
produce identical ranking scores at every observation point, which indicates that the user-level risk
scores induce a stable ordering that is largely insensitive to the decision parameters that distinguish
the runs. The quality of the top of the ranking is high throughout: P@10 and NDCG@10 reach the
maximum value of 1.00 at all observation points, while NDCG@100 improves steadily from 0.71 after a
single writing to 0.85 after 500 writings, reflecting the benefit of accumulating evidence over the course
of the interaction.

These official results confirm the trends observed during cross-validation. The high-recall configura-
tions are well suited to the early and exhaustive detection that the ranking metrics reward, whereas the
higher threshold of run 2 yields the most balanced decision-based performance. Taken together, the
combination of a symptom-guided screening stage, a leakage-free ensemble of MentalBERT models,
and a full-history aggregation scheme produces accurate rankings and early, reliable alerts under the
contextualized early detection setting.

4.5. Discussions
Impact of the Majority Condition

The majority condition has a measurable effect on the volume of alerts. A comparison of run 0 and
run 3, which share the same prediction threshold 7 = 0.5 and consecutive requirement 7¢,, = 1 and
differ only in whether the condition is enabled. This behaviour is consistent with the intended role
of the condition: it suppresses alerts for subjects whose aggregated score is driven by a small number
of high-probability posts embedded in otherwise non-depressive content, a plausible signature of a
false positive. The condition is therefore most appropriate when the cost of a false positive is high, for
example when an alert triggers a downstream clinical review. For subjects with little posting activity,
the condition may delay an alert; this effect is complemented by the evidence-based score penalty,
which independently makes early alerts harder when the available history is short.



Limitations
Some limitations of the current work should be acknowledged.

« Firstly, the classifier scores each post in isolation, so that inter-post dependencies and the temporal
trajectory of depressive expression are captured only at the aggregation stage rather than within
the classifier itself.

« Secondly, the eight aggregation weights are set manually rather than learned; a held-out user-level
subset could be used in future work to tune them.

« Thirdly, both the training and the test data originate from Reddit, so generalisation to other
platforms such as forums or clinical chat remains to be validated.

« Lastly, the BDI-II templates and MentalBERT are English-centric, leaving room to improve
multilingual robustness in the mental health domain.

5. Conclusions and Future Work

This work reports the HUTECH-NLP submission to Task 2 of eRisk 2026, the contextualized early
detection of depression. The proposed system is a modular pipeline of two main steps: filtering
depression posts and computing user-level depression scores. Step 1 combines each writing together
with its conversational context, screens posts with a training-free module based on E5 embeddings of
24 BDI-1I-derived statements, classifies the retained posts with a leakage-free ensemble of MentalBERT
models, and aggregates post-level predictions into a subject-level decision governed by an evidence
penalty and an optional majority condition. A user-level group cross-validation protocol ensured that
all posts of a given user remained within a single fold, providing a realistic estimate of generalisation to
unseen users, and the three best folds were combined through soft voting. Step 2 combines different
features of the user’s depression posts to compute the user-level depression score. On the official test
set, the system reached a best F1 of 0.74 with very low decision latency, together with strong ranking
quality.

Future work will address the limitations identified above. One direction concerns the temporal nature
of depressive signals: since episodes are time-bounded in clinical practice, a time-decay weight on post
probabilities together with a score cool-down, allowing the aggregated score to drift downward when
no new depressive content appears, would support recovery monitoring as well as early detection.
Further promising directions include modeling inter-post dependencies and temporal dynamics within
the classifier, extending the symptom-guided screening to additional psychiatric scales, and evaluating
the robustness of the approach across platforms and languages.
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. BDI-1l Symptom Templates

The psychiatric-scale-guided screening stage compares each post against the 24 templates listed below.
The first three are direct statements of depression, while the remaining 21 correspond to the individual
symptom items of the BDI-II inventory.

1 Ifeel depressed. 13 Talways cry.
2 Tam diagnosed with depression. 14 Tam hard to stay still.
3 Iam treating my depression. 15 It’s hard to get interested in things.
4 Ifeel sad. 16 I have trouble making decisions.
5 Iam discouraged about my future. 17 Ifeel worthless.
6 Ialways fail. 18 Idon’t have energy to do things.
7 Idon’t get pleasure from things. 19 Thave changes in my sleeping pattern.
8 Ifeel quite guilty. 20 Tam always irritable.
9 Iexpected to be punished. 21 Ihave changes in my appetite.
10 I am disappointed in myself. 22 Ifeel hard to concentrate on things.
11 Talways criticize myself for my faults. 23 Iam too tired to do things.
12 Ihave thoughts of killing myself. 24 Thave lost my interest in sex.
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