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Abstract
This paper describes our participation in the CLEF eRisk 2026 Task 2, Contextualized Early Detection of Depres-
sion. We propose a symptom-oriented pipeline that models depression risk incrementally by combining three
components: a template-based screening stage that estimates the semantic relevance of each writing with respect
to BDI-II symptom descriptions, a dynamic buffer that retains the most symptom-relevant writings observed
over time, and a set of 21 symptom-level classifiers that construct a structured user representation reflecting
the clinical dimensions of depression. These features are used by a user-level classifier to issue early risk alerts.
Additionally, a temporal Transformer-based approach is evaluated as a complementary strategy. The official
results show that the symptom-oriented pipeline achieved the strongest decision-based F1 among our submissions
and improved ranking performance as more evidence accumulated, while the Transformer-based runs produced
earlier alerts. These findings suggest that explicitly modeling symptom-level evidence over time supports reliable
and interpretable depression risk detection.

Keywords
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1. Introduction

Depression is a common mental disorder whose impact extends beyond emotional distress, affecting
daily functioning, interpersonal relationships, academic and work performance, and overall quality of
life. Its clinical relevance is also reflected in its high prevalence, considering that depressive disorders
affect approximately 5.7% of adults worldwide according to the World Health Organization (WHO) [1].

The onset of major depressive disorder frequently occurs between mid-adolescence and mid-
adulthood, and nearly 40% of individuals experience their first episode before the age of 20 [2]. This
early onset makes timely detection particularly critical, as delayed intervention is associated with worse
long-term outcomes.

Beyond its prevalence, depression is characterized by a heterogeneous clinical presentation. Symp-
toms may span affective dimensions, such as persistent sadness or loss of interest; cognitive dimensions,
such as feelings of worthlessness or difficulty concentrating; and somatic or behavioral changes, such as
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fatigue or changes in appetite [3, 4]. This variability makes early identification challenging, especially
in non-clinical settings where symptoms are not systematically assessed. For this reason, standardized
instruments such as the Beck Depression Inventory-II (BDI-II) organize depressive manifestations into
symptom-based dimensions and provide a framework for assessing depressive severity [5].

In recent years, social media platforms have emerged as a source of user-generated data for mental
health research. Users express experiences, struggles, and behavioral patterns through their posts,
providing signals that may reflect aspects of their psychological state [6, 7]. Nevertheless, detecting
depression from social media remains challenging because relevant signals are often sparse, noisy, and
temporally distributed across multiple writings rather than concentrated in a single post.

The eRisk shared task series provides evaluation frameworks for the early detection of risk on the
Internet. In this context, CLEF eRisk 2026 Task 2 addresses Contextualized Early Detection of Depression,
where systems are required to process user activity sequentially and analyze full conversational threads
rather than isolated posts [8, 9]. This setting is particularly relevant for social media depression detection,
since risk-related evidence may be sparse, noisy, and distributed across multiple interactions.

In this work, we present our participation in this task and propose a symptom-oriented approach
for contextualized early depression detection. Our system uses embedding-based similarity to identify
symptom-relevant writings, retains the most informative evidence through a dynamic buffer, and
constructs a structured user representation based on standardized depression symptom dimensions.
These signals are then integrated into a user-level classifier to estimate depression risk and support
early decision-making.

2. Related Work

Early risk detection has been a central objective of the eRisk shared tasks, which provide benchmark
scenarios for identifying users at risk from online writings under incremental conditions. Unlike
standard text classification settings, eRisk evaluates not only whether a system identifies users at risk,
but also how early the decision is made. This has motivated approaches that model user activity over
time and optimize both classification and early detection metrics [10, 11, 12].

Earlier eRisk editions addressed several mental health-related risks, including depression, pathological
gambling, and anorexia, mainly from longitudinal histories authored by a single target user [13, 14, 12].
These tasks highlighted the importance of accumulating evidence across a user’s writings, since risk-
related signals are often sparse and may not appear in every post. In parallel, eRisk has also included
symptom-oriented tasks, such as the “Search for Symptoms of Depression”, where texts are ranked
according to their relevance to the 21 symptoms defined by the Beck Depression Inventory (BDI) [5].
Although this formulation is not an early detection task, it provides a useful basis for representing
depression through specific symptom dimensions rather than only as a global user-level label.

More recently, contextualized early detection has extended the traditional user-history setting by
incorporating full conversational threads [12, 8, 9]. In this scenario, recent systems have explored
different strategies to use or filter contextual information. Larrayoz et al. [15] proposed semantic
relabeling and risk signal fusion between target-user and contextual scores. Zi et al. [16], building on
the psychiatric scale-guided risky post screening approach proposed by Zhang et al. [17], introduced
a learnable screening framework with a dynamic memory buffer to prioritize risk-indicative posts.
Casamayor et al. [18] compared classical and long-context approaches, including SVM and Longformer
models, showing that traditional classifiers can remain competitive when large textual histories must
be processed efficiently.

Our work builds on these directions by adapting symptom-level evidence to the contextualized
early detection setting. The proposed system identifies symptom-relevant writings, retains the most
informative evidence through a dynamic buffer, and applies 21 BDI-II-inspired symptom-level classifiers
to construct user-level features for early depression detection. We also compare this structured symptom-
oriented representation with a temporal Transformer model over sequences of target-user embeddings.



3. Dataset and preprocessing

The dataset used for system development corresponds to the contextualized collection released for
eRisk 2025 Task 2. It consists of conversational threads in JSON format, where each thread contains a
submission and its associated comments, forming a hierarchical conversation through reply relations.
Beyond textual content, the data include metadata such as author, timestamp, target subject, and round
number, enabling the distinction between the target user’s writings and the surrounding conversational
context. For modeling purposes, the original nested JSON structure was reorganized into a tabular and
chronological representation in which each row corresponds to a target subject at a given round. For
each instance, we separated the text written by the target user from the contextual text written by other
participants in the same thread, and used the round number and timestamp to preserve the temporal
order of the data.

The main statistics of the collection are summarized in Table 1. The dataset contains 909 target
subjects, 102 belonging to the depression group and 807 to the control group. Users in the depression
group produce more threads per subject on average (397.7 vs. 295.9), span longer temporal periods
(approximately 1,695 vs. 958 days), and generate comments that are more frequent and longer than
those of control users.

Table 1
Main statistics of the Task 2 test collection.

Statistic Depression Control

Number of subjects 102 807
Number of threads 40,563 238,033
Average number of threads per subject 397.7 295.9
Average number of days from first to last thread ≈ 1695 ≈ 958
Average number of comments per thread 65.1 44.6
Average number of words per comment 33.8 25.6

4. Methodology

4.1. Temporal Transformer-based pipeline

The first strategy explored in this work is a temporal Transformer-based approach, illustrated in Figure 1.
Specifically this strategy was designed to model the evolution of the target user’s writings over time.
Instead, each target user is represented as a chronological sequence of round-level text embeddings.
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Figure 1: Overview of the temporal Transformer-based approach.



4.1.1. Round-level embedding representation

For each round, the text written by the target user was encoded using mental/mental-roberta-base.
The embedding for each writing was obtained by applying mean pooling over the last hidden states
using the attention mask, followed by normalization. This produced one dense vector representation
per target-user writing.

For a target user 𝑢, the chronological sequence of embeddings is represented as:

𝑋𝑢 = [e𝑢,1, e𝑢,2, . . . , e𝑢,𝑇𝑢 ] (1)

where e𝑢,𝑡 is the embedding of the target user’s writing at round 𝑡, and 𝑇𝑢 is the number of available
writings for that user. Since users have different numbers of writings, sequences were padded or
truncated to a fixed maximum length 𝑇max. A padding mask was used to ensure that the model attended
only to real writings and ignored padded positions.

4.1.2. Transformer sequence model

The temporal classifier receives the padded sequence of round-level embeddings and a corresponding
padding mask. The 768-dimensional embeddings are first projected to a lower-dimensional space via a
dense layer with ReLU activation and dropout, then processed by Transformer encoder blocks with
multi-head self-attention, residual connections, and feed-forward layers. The padding mask prevents
padded positions from contributing to the attention computation. Masked mean pooling is applied
across the temporal dimension to obtain a single user-level vector, which is passed through a dense
layer and a sigmoid output unit to produce the depression risk score.

The model was trained with binary cross-entropy loss, class weights to address class imbalance, and
early stopping based on validation loss.

4.1.3. Early inference strategy

During inference, the Transformer model was applied incrementally to simulate the early detection
scenario. At each round 𝑡, the model receives only the embeddings observed up to that point:

𝑋𝑢,𝑡 = [e𝑢,1, e𝑢,2, . . . , e𝑢,𝑡] (2)

The sequence is padded to 𝑇max, and the corresponding mask is updated. The model then produces
a risk score 𝑝𝑢,𝑡, which is used as the submitted depression score. A binary decision is obtained by
comparing this score with a threshold 𝜏 . The threshold was selected on the validation set according to
the early detection criterion used for the run.

Two Transformer configurations were used in the final submissions, differing in the maximum
number of rounds considered by the model. One configuration used 𝑇max = 300, while the other used
𝑇max = 400. This allowed us to analyze whether providing a longer user history improved the balance
between classification performance and early detection latency.

4.2. Symptom-oriented pipeline

The second strategy explored in this work is a symptom-oriented early detection pipeline, illustrated in
Figure 2. Unlike the temporal Transformer approach, which models the target user’s writings directly
as a sequence of embeddings, this pipeline explicitly identifies and accumulates symptom-relevant
evidence over time. At each round, the system processes the available information for a target subject
and updates a user-level representation based on writings that are semantically related to depressive
manifestations.

The pipeline consists of four main stages: symptom-template similarity screening, dynamic buffering
of relevant writings, symptom-level representation, and user-level classification for early decision-
making.
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Figure 2: Overview of the symptom-oriented pipeline proposed for contextualized early depression detection.

4.2.1. Symptom-template similarity screening

The first stage of the system estimates the semantic proximity between each screening input and a set
of symptom-oriented reference statements. This stage was motivated by previous risk-post screening
strategies, where descriptions derived from psychological scales are used to prioritize writings that are
more likely to contain risk-relevant evidence [16]. In our implementation, the reference set consists
of 21 templates derived from the BDI-II symptom dimensions [5]. The complete set of templates is
provided in Appendix A.

At each round, the system constructs a screening input by combining the target user’s writing with
selected contextual information from the same thread. The contextual component is included only
when it is likely to be related to the target user, using reply-chain information and simple linguistic
cues such as second-person references and support-oriented expressions. This allows the screening
stage to consider the user’s own writing together with relevant surrounding interaction, while reducing
unrelated conversational noise.

Let 𝑥𝑖 denote the screening input at round 𝑖, and let𝑄 = {𝑞1, . . . , 𝑞21} be the set of symptom-oriented
templates. Both the screening input and the templates were encoded using text-embedding-3-small.
The semantic relevance of 𝑥𝑖 with respect to each template was computed using cosine similarity:

𝑠𝑖𝑗 = cos(𝑒(𝑥𝑖), 𝑒(𝑞𝑗)), 𝑗 = 1, . . . , 21. (3)

This produces a 21-dimensional template-similarity vector s𝑖 = [𝑠𝑖1, 𝑠𝑖2, . . . , 𝑠𝑖21] for each screening
input. From this vector, we derived three global screening summaries: the maximum similarity score,
the mean similarity across all templates, and the mean of the three highest similarity scores. These
values are used to estimate the symptom-relevance of the current writing and to prioritize writings for
the dynamic buffer.

4.2.2. Dynamic buffer

Depression-related evidence in social media is often sparse and unevenly distributed across a user’s
writings. To reduce the influence of unrelated or weakly informative content, the system maintains a
dynamic buffer for each target user. This buffer retains the target user’s writings that have shown the
highest symptom relevance up to the current round.

The buffer is updated incrementally after each round. For each new target-user writing, a screening
score is obtained from the symptom-template similarity stage. This score corresponds to the maximum
similarity between the screening input and the symptom templates. The screening input may include
both the target user’s writing and selected contextual information from the same thread, but the buffer
stores the target user’s writing as the main unit of evidence.

For a user 𝑢 at round 𝑡, the buffer 𝐵𝑢,𝑡 stores the top 𝐾 target-user writings with the highest screening



scores among those observed up to that point:

𝐵𝑢,𝑡 = TopK ({(𝑥𝑖, 𝑟𝑖) : 𝑖 ≤ 𝑡},𝐾) (4)

where 𝑥𝑖 denotes a target-user writing and 𝑟𝑖 is its corresponding screening score. In our implementation,
the buffer size was set to 𝐾 = 5. When the buffer has available capacity, the new writing is added
directly. Once the buffer is full, the new writing replaces the least relevant buffered entry only if its
screening score is higher.

This mechanism allows the system to accumulate a compact set of symptom-relevant evidence over
time. The retained writings are then used in the next stage to construct a symptom-level representation
of the target user.

4.2.3. Symptom-level representation

After the dynamic buffer is updated, the retained writings are transformed into a symptom-level
representation. This stage aims to characterize the type of depression-related evidence in the writings
selected by the buffer, rather than relying only on their semantic proximity to symptom templates.

For this purpose, we used 21 independent symptom-level classifiers, each associated with one
symptom dimension derived from the Beck Depression Inventory-II (BDI-II). These classifiers were
trained offline using the “Search for Symptoms of Depression” datasets released in previous eRisk
evaluation campaigns [13]. These datasets provide sentence-level annotations indicating whether a
sentence contains evidence related to each depressive symptom. Therefore, each symptom was modeled
as an independent binary classification problem.

Each symptom classifier was implemented as a Support Vector Machine (SVM) trained on dense
text embeddings obtained from an OpenAI embedding model. In this setting, the embedding model
maps each input text into a semantic vector representation, while the SVM learns to identify evidence
associated with a specific symptom. The resulting models were used as feature extractors in the
contextualized early detection task.

Given a target-user writing 𝑥𝑖 retained in the buffer, its embedding representation e𝑖 is first computed.
Then, each symptom classifier 𝑓𝑗 , with 𝑗 = 1, . . . , 21, produces a score indicating the presence of
evidence for symptom 𝑗:

𝑧𝑖𝑗 = 𝑓𝑗(e𝑖) (5)

The outputs of the 21 classifiers are concatenated to obtain a symptom vector for the writing:

z𝑖 = [𝑧𝑖1, 𝑧𝑖2, . . . , 𝑧𝑖21]. (6)

In our pipeline, this process is applied only to the target-user writings stored in the dynamic buffer.
This reduces the amount of text processed by the symptom-level models and focuses the represen-
tation on the writings previously identified as more symptom-relevant by the screening stage. The
surrounding conversational context is not directly classified by the 21 symptom-level models; instead, it
is incorporated through the screening input and through contextual indicators used in the final feature
vector.

To construct a user-level representation at each round, the symptom vectors of the buffered writings
are aggregated. For each symptom, we compute summary statistics such as the mean and maximum
score across the buffer. The mean summarizes the overall presence of a symptom across the selected
writings, whereas the maximum captures strong isolated evidence that may appear in a single writing.
The resulting aggregated representation summarizes the symptom-level evidence accumulated for the
target user up to the current round.

4.2.4. User-level classification and early decision

At each round, a user-level feature vector is constructed by combining screening information, buffer
evidence, symptom-level scores, and contextual indicators. Let s𝑢,𝑡 denote the symptom-template



similarity vector computed for user 𝑢 at round 𝑡, and let g𝑢,𝑡 denote its screening summaries, including
the maximum similarity, the mean similarity, and the mean of the three highest similarity scores.

The dynamic buffer provides accumulated evidence from the writings retained up to round 𝑡. From
this buffer, we extract aggregated screening features, denoted as b𝑠𝑐𝑟

𝑢,𝑡 , and aggregated symptom-level
scores produced by the 21 symptom classifiers, denoted as b𝑠𝑦𝑚

𝑢,𝑡 . Contextual information is represented
by a vector c𝑢,𝑡, which includes indicators such as the presence of contextual text, second-person
references, and support-oriented expressions.

The final representation of user 𝑢 at round 𝑡is defined as:

h𝑢,𝑡 = [s𝑢,𝑡;g𝑢,𝑡;b
𝑠𝑐𝑟
𝑢,𝑡 ;b

𝑠𝑦𝑚
𝑢,𝑡 ; c𝑢,𝑡] (7)

where h𝑢,𝑡 summarizes the current symptom-template similarity, the accumulated evidence stored in
the dynamic buffer, the symptom-level evidence, and the contextual information available at that round.

These features are used as input to a user-level classifier that estimates the depression risk of the
target subject at each round. Several machine learning classifiers were evaluated, including Random
Forest, Extra Trees, Histogram Gradient Boosting, Gradient Boosting, Passive-Aggressive, and CatBoost.

For each user 𝑢 and round 𝑡, the classifier 𝐹 produces a continuous risk score:

𝑝𝑢,𝑡 = 𝐹 (h𝑢,𝑡) (8)

A binary decision is then obtained by comparing this score with a decision threshold 𝜏 :

𝑦𝑢,𝑡 =

{︃
1, if 𝑝𝑢,𝑡 ≥ 𝜏,

0, otherwise.
(9)

Following the official early detection protocol, 𝑦𝑢,𝑡 = 1 represents an alert and is considered final for
that user, whereas 𝑦𝑢,𝑡 = 0 indicates no alert and allows the system to issue an alert in a later round.
After an alert is emitted, the system continues processing subsequent writings and submitting updated
risk scores, since these scores are also used for ranking-based evaluation.

5. Results and discussion

Table 2 reports the internal evaluation results for the user-level classifiers in the symptom-oriented
pipeline. Among the models evaluated with the default threshold, Random Forest achieved the highest
macro-F1, while CatBoost obtained the lowest ERDE5, revealing a trade-off between classification
quality and detection timeliness. Model selection was performed on the validation set using a combined
criterion that prioritized ERDE5, followed by Macro-F1, latencyTP, and recall macro. Under this criterion,
Histogram Gradient Boosting (HGB) was selected as the main classifier. A threshold search was then
conducted for HGB to define the tuned-threshold configuration (𝜏 = 0.35), which reduced ERDE5
and improved F-latency compared with the default threshold. These two configurations correspond
to Run 0 (HGB, tuned threshold 𝜏 = 0.35) and Run 1 (HGB, default threshold 𝜏 = 0.50) in the official
submission.

Table 3 reports the internal results for the temporal Transformer models. Both configurations
achieved strong classification performance and notably low detection latency. The 𝑇max = 400 model
obtained the highest macro-F1 (0.900), while the 𝑇max = 300 model yielded lower ERDE5 and higher
F-latency. These configurations correspond to Run 3 (𝑇max = 300) and Run 4 (𝑇max = 400) in the
official submission.

6. Run configurations

Based on the development-stage analysis, five runs were submitted to the official eRisk 2026 Task 2
server. The runs were designed to compare two different strategies for contextualized early depression



Table 2
Internal test results of the symptom-oriented user-level classifiers.

Model P R F1-Macro ERDE5 latencyTP F-latency

RF 0.783 0.900 0.860 0.096 77.389 0.635
CatBoost 0.513 1.000 0.854 0.068 59.950 0.568
ExtraTrees 0.739 0.850 0.840 0.099 83.118 0.612
GB 0.581 0.900 0.834 0.081 71.000 0.600
HGB 0.600 0.900 0.833 0.086 79.944 0.559
HGB tuned 0.682 0.938 0.789 0.063 66.267 0.687
Passive-Aggressive 0.172 1.000 0.766 0.121 22.350 0.258

Table 3
Internal test results of the temporal Transformer models.

Model P R F1-Macro ERDE5 latencyTP F-latency

Transformer 𝑇max = 300 0.833 0.750 0.883 0.050 2.000 0.806
Transformer 𝑇max = 400 0.842 0.800 0.900 0.050 2.000 0.770

detection. The first three runs were based on the symptom-oriented pipeline, while the last two runs
used the temporal Transformer-based approach.

For the symptom-oriented strategy, we submitted two configurations based on the Histogram Gradient
Boosting classifier and one configuration based on Random Forest. The first run used the HGB classifier
with a threshold selected on the validation set, whereas the second run used the same classifier with the
default threshold. The third run used Random Forest with the default threshold, as this model showed
strong decision-based performance during development.

For the Transformer-based strategy, two runs were submitted using different maximum sequence
lengths. These runs were included to evaluate whether extending the temporal window of user writings
improves the balance between classification performance and early detection behavior.

Table 4 summarizes the submitted configurations.

Table 4
Submitted run configurations for eRisk 2026 Task 2.

Run Approach Model Configuration

0 Symptom-oriented pipeline HGB Tuned threshold, 𝜏 = 0.35
1 Symptom-oriented pipeline HGB Default threshold, 𝜏 = 0.50
2 Symptom-oriented pipeline RF Default threshold, 𝜏 = 0.50
3 Temporal Transformer Transformer 𝑇max = 300
4 Temporal Transformer Transformer 𝑇max = 400

6.1. Official results

Table 5 presents the official decision-based results, including selected top-performing systems and
the five LCDAA runs. Among our submissions, Run 2 achieved the best decision-based performance,
with an F1-score of 0.78 and balanced precision and recall. This result was 0.05 points below the best
F1-score reported in the official table, obtained by HUGETIME, and remained close to other competitive
systems. Run 2 corresponds to the symptom-oriented pipeline using Random Forest, suggesting that
the proposed symptom-level representation provided competitive user-level classification performance.

Runs 0 and 1, both based on the HGB classifier, obtained similar performance. Both configurations
achieved the same recall, while Run 1 obtained slightly higher precision, F1-score, and latency-weighted
F1 than the tuned-threshold configuration in Run 0.. These results suggest that threshold adjustment



affected the precision–recall balance but did not improve the official performance compared with the
default threshold.

The Transformer-based runs showed a different behavior. Run 3 obtained the lowest ERDE5 among
our submissions and the earliest detection latency (latencyTP = 1.00, speed = 1.00), matching the
strongest latency values reported by several systems, but at the cost of a lower F1-score. Run 4 improved
F1 with respect to Run 3 while preserving low latency. Overall, the decision-based results indicate a
trade-off between classification strength and early alerting across the submitted strategies.

Table 5
Decision-based evaluation for Task 2. The table includes selected top-performing teams and all LCDAA runs.

Team Run P R F1 ERDE5 ERDE50 latencyTP Speed F-latency

HUGETIME 0 0.80 0.87 0.83 0.15 0.05 9.00 0.97 0.81
UNED-GELP 2 0.79 0.85 0.82 0.11 0.06 4.00 0.99 0.81
NoirByte 0 0.88 0.76 0.82 0.15 0.09 20.00 0.93 0.76
MindAILab 0 0.84 0.80 0.82 0.16 0.08 16.00 0.94 0.77
INSA-Lyon 0 0.76 0.85 0.80 0.16 0.07 13.00 0.95 0.76

LCDAA 0 0.66 0.81 0.73 0.11 0.07 3.00 0.99 0.72
LCDAA 1 0.69 0.81 0.74 0.11 0.07 4.00 0.99 0.74
LCDAA 2 0.78 0.78 0.78 0.13 0.08 10.00 0.96 0.75
LCDAA 3 0.70 0.70 0.70 0.09 0.07 1.00 1.00 0.70
LCDAA 4 0.72 0.74 0.73 0.11 0.07 2.00 1.00 0.73

Table 6 summarizes the official ranking-based results and places the LCDAA runs in context with
selected top-performing systems. The Transformer-based runs obtained the strongest ranking perfor-
mance among our submissions, with Run 4 reaching an NDCG@100 of 0.73 after one writing, close to
the best value reported in the table. This suggests that temporal embedding representations can provide
useful risk estimates even with limited evidence.

As more writings became available, the symptom-oriented runs achieved better ranking performance.
Runs 0, 1, and 2 reached an NDCG@100 of 0.84 after 100 writings and 0.88 after 500 writings, approaching
the strongest systems, whose NDCG@100 at 500 writings ranged from 0.89 to 0.91. These results show
complementary behavior between the two strategies: Transformer-based runs were more effective at
the earliest stage, while symptom-oriented runs became more reliable as more evidence was observed.

Table 6
Ranking-based evaluation for Task 2. The table includes selected top-performing teams and all LCDAA runs.

Team Run
1 writing 100 writings 250 writings 500 writings
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DeepCare 0 1.00 1.00 0.74 1.00 1.00 0.88 1.00 1.00 0.90 1.00 1.00 0.91
MindAILab 0 1.00 1.00 0.69 1.00 1.00 0.86 1.00 1.00 0.89 1.00 1.00 0.90
NoirByte 0 1.00 1.00 0.72 1.00 1.00 0.86 1.00 1.00 0.88 1.00 1.00 0.89
INSA-Lyon 0 0.80 0.87 0.64 1.00 1.00 0.84 1.00 1.00 0.87 1.00 1.00 0.89
HUTECH-NLP 0 1.00 1.00 0.71 1.00 1.00 0.82 1.00 1.00 0.84 1.00 1.00 0.85

LCDAA 0 0.90 0.92 0.61 1.00 1.00 0.84 1.00 1.00 0.87 0.90 0.94 0.88
LCDAA 1 0.90 0.92 0.61 1.00 1.00 0.84 1.00 1.00 0.87 0.90 0.94 0.88
LCDAA 2 0.90 0.94 0.63 1.00 1.00 0.84 1.00 1.00 0.86 0.90 0.94 0.88
LCDAA 3 0.90 0.92 0.71 0.90 0.93 0.79 0.90 0.94 0.79 0.90 0.88 0.84
LCDAA 4 0.90 0.93 0.73 0.90 0.93 0.78 0.90 0.92 0.79 0.90 0.86 0.81

Overall, the official results show complementary strengths between the two families of approaches.



The symptom-oriented pipeline, particularly the Random Forest configuration, achieved the strongest
decision-based F1 and the best ranking performance after evidence accumulation, demonstrating that
explicitly modeling BDI-II symptom dimensions over time provides a competitive and interpretable
alternative to end-to-end neural approaches. In contrast, the Transformer-based runs produced earlier
alerts and stronger ranking performance at the first-writing checkpoint, but their advantage decreased
as more writings became available.

6.2. Discussion

The symptom-oriented pipeline achieved the strongest decision-based performance among our submis-
sions, particularly when using Random Forest. This suggests that combining template-based screening,
dynamic buffering, and symptom-level features provides useful evidence for user-level depression
classification. This behavior may be explained by the accumulation of evidence across symptom dimen-
sions: instead of relying on a single depression score, the system summarizes the presence of multiple
depressive manifestations over time, constructing a structured user profile that reflects the clinical
heterogeneity of depression. Beyond predictive performance, this representation offers an additional
advantage: each dimension of the feature vector corresponds to a specific BDI-II symptom, making it
possible to inspect which symptoms contributed most to a given decision. This degree of interpretability
is not directly available in the Transformer-based approach, where the depression risk score is produced
by an opaque sequence model.

In contrast, the Transformer-based runs were more effective for early alerting. They produced the
lowest latency values among our submissions, but this came at the cost of lower decision-based F1. This
indicates that the temporal models were more sensitive to early signals, although less stable in terms of
final classification performance.

The ranking-based evaluation also suggests that both approaches capture different aspects of the task.
Transformer-based runs performed better at the earliest checkpoint, whereas the symptom-oriented runs
improved as more writings became available. Overall, these findings point to a trade-off between early
sensitivity and accumulated symptom-based evidence. Future work should explore hybrid strategies
that combine temporal modeling with explicit symptom-level representations.

7. Conclusion and future work

This paper described our participation in CLEF eRisk 2026 Task 2, Contextualized Early Detection of
Depression. We explored two strategies for early depression detection: a symptom-oriented pipeline
and a temporal Transformer-based approach. The symptom-oriented pipeline combines template-based
screening, dynamic buffering, and 21 BDI-II-inspired symptom-level classifiers to construct a structured
user representation that is updated as new writings become available. This representation explicitly
models different depressive manifestations over time, making the decision process more interpretable
than approaches based only on a single global risk score.

The official results showed complementary behavior between the two strategies. The symptom-
oriented pipeline achieved the strongest decision-based performance among our submissions, particu-
larly when using Random Forest, and improved its ranking performance as more evidence accumulated.
In contrast, the Transformer-based runs were more effective for early alerting, obtaining lower latency
values. These findings suggest that symptom-level evidence can support robust user-level depression
classification, while temporal embedding models may capture early risk signals more rapidly.

Two main directions are identified for future work. First, the symptom-level classifiers are currently
applied only to the writings retained in the dynamic buffer due to computational constraints. Applying
these models to a broader set of writings, and potentially to selected contextual information, could
provide a richer symptom-level representation and capture evidence that the current screening stage
may discard. Second, the results showed that the decision threshold selected during development did
not generalize optimally to the official sequential evaluation. Exploring probability calibration and



adaptive thresholding techniques could improve threshold stability and produce more reliable risk
scores across different evaluation conditions.
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A. Appendices

A.1. Symptom templates

Table 7 presents the 21 symptom-oriented templates used in the symptom-template similarity screening
stage. Each template was encoded using the same embedding model as the user writings and compared
through cosine similarity.

Table 7: Symptom-oriented templates used for embedding-based screening.
No. Template

1 I feel sad.
2 I am discouraged about my future.
3 I always fail.
4 I do not get pleasure from things.
5 I feel guilty.
6 I expected to be punished.
7 I am disappointed in myself.
8 I criticize myself for my faults.
9 I have thoughts of killing myself.
10 I always cry.
11 I am too restless to stay still.
12 It is hard to get interested in things.
13 I have trouble making decisions.
14 I feel worthless.
15 I do not have energy to do things.
16 I have changes in my sleeping pattern.
17 I am always irritable.
18 I have changes in my appetite.
19 I find it hard to concentrate on things.
20 I am too tired to do things.
21 I have lost interest in sex.
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