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Abstract

Automatic detection of signs of depression
has received increasing attention in recent
years, evolving from user-level classification
(binary) to fine-grained symptom detection.
Despite recent advances, state-of-the-art sen-
tence retrieval models still struggle to dis-
criminate between sentences associated with
closely related symptoms. In this work, we
propose BDI-batch, a novel contrastive learn-
ing method that leverages clinically grounded
sentence pairs to encode fine-grained distinc-
tions among depression-related symptoms. The
method exploits a standardized clinical ques-
tionnaire and does not rely on annotated data.
We demonstrate the effectiveness of our ap-
proach on two early risk detection datasets and
under multiple retrieval strategies. Addition-
ally, we explore the use of LLMs to generate
synthetic contrastive samples and observe that
their performance falls short of questionnaire-
derived pairs. Finally, we conduct an error anal-
ysis that reveals the most common errors of the
sentence retrievers.

1 Introduction

Depression is a prevalent mental disorder char-
acterized by a range of cognitive, physical, and
emotional symptoms that significantly impair daily
functioning. The Diagnostic and Statistical Manual
of Mental Disorders (DSM-5) (APA, 2022) defines
a set of symptoms associated with this disorder,
including persistent sadness, fatigue, or changes
in sleep patterns. According to the WHO (WHO,
2025), around 4% of the global population experi-
ences depression, including 5.7% of adults (4.6%
among men and 6.9% among women). Despite
its prevalence, diagnosis and treatment remain lim-
ited: in high-income countries, only about one-
third of affected individuals receive appropriate
care (Evans-Lacko et al., 2018).

In recent years, social media has emerged as a
valuable source of insight into users’ mental states.

As individuals increasingly disclose thoughts and
emotions related to their mental wellbeing on-
line (Ríssola et al., 2021; Crestani et al., 2022),
computational methods have emerged as a way to
complement clinical assessment and deepen our
understanding of the disorder. Early approaches
addressed binary classification challenges (e.g., de-
pressed vs. non-depressed), whereas more recent
studies have focused on identifying specific symp-
toms in online text (Pérez et al., 2022; Zhang et al.,
2022b; Nguyen et al., 2022; Zhang et al., 2022a;
Pérez et al., 2023).

The CLEF eRisk shared-data task (Losada et al.,
2019) has been a central venue for advancing re-
search in this area. Recent editions of eRisk in-
troduced a symptom retrieval task, where a large
corpus of sentences was given to the participants
and the goal was to retrieve sentences relevant
to each of the symptoms in the Beck Depression
Inventory (BDI) (Pérez et al., 2025). This task
is particularly challenging because of the blurred
distinction between some symptoms. For exam-
ple, the BDI items ‘Sadness’ and ‘Crying’ exhibit
substantial overlap, and a sentence retriever may
struggle to identify textual excerpts that are truly
aligned with each of these items. Even state-of-the-
art sentence embeddings face difficulties in distin-
guishing between similar BDI items (Pérez et al.,
2025). For instance, in Figure 1 we can observe
that the all-mpnet-base-v2 model (left-side plot)
struggles to separate several depression-related
symptoms (e.g., “Self-dislike”, “Past-failure”, “Pes-
simisim”, and “Self-criticalness”), whereas our
model (right-side plot) makes a clearer separation
among these groups (without degrading already
well-clustered symptoms such as “Tiredness or Fa-
tigue”).

Contrastive learning has recently shown promise
in improving semantic discrimination among simi-
lar sentences (Izacard et al., 2021; Gao et al., 2021).
Particularly, the inclusion of hard negatives encour-



(a) Base (b) BDI fine-tuned

Figure 1: Sentences annotated as relevant to ten BDI symptoms. The left-side graph plots the UMAP representations
of their all-mpnet-base-v2 embeddings while the right-side graph plots the UMAP representations of our BDI-
based variant.

ages models to distinguish between thematically re-
lated but semantically distinct samples (Jiang et al.,
2024; Kim et al., 2024; Liu et al., 2024). Inspired
by these advances, we explore contrastive learning
to enhance sentence representations for depression
symptom retrieval. Specifically:

• We propose a novel in-batch contrastive learn-
ing method, BDI-batch, for generating effec-
tive embeddings tailored to depression symp-
tom retrieval.

• We introduce a strategy for automatically ob-
taining negative examples. This method does
not require labeled data and leverages a stan-
dardized screening questionnaire to generate
contrastive pairs of samples. We demonstrate
the effectiveness of this method against sev-
eral baselines, including state-of-the-art re-
trieval models.

• We evaluate the use of open and proprietary
Large Language Models (LLMs) for generat-
ing synthetic contrastive samples.

• We provide a qualitative analysis of the most
frequent errors observed in sentence embed-
ding models.

2 Related Work

2.1 Automatic Detection of Depressive Signals
Previous research on the automatic detection of
signs of mental health disorders has relied on Con-
volutional Neural Networks (CNNs) (Yates et al.,
2017; Rao et al., 2020), Recurrent Neural Networks

(RNNs) (Trotzek et al., 2018; Skaik and Inkpen,
2020), and, more recently, Transformer-based ar-
chitectures (Martínez-Castaño et al., 2020; Bu-
cur et al., 2023, 2021; Poświata and Perełkiewicz,
2022). Early approaches addressed this task as a
binary classification problem, oriented to distin-
guishing between depressive and non-depressive
users. While effective in controlled settings, this
formulation limits the applicability of such mod-
els in real clinical contexts, where symptom-level
understanding is often required.

More recent studies have explored ways to incor-
porate clinical interpretability into computational
models. For example, Nguyen et al. (2022) in-
tegrated PHQ-9 symptom dimensions into their
predictions, achieving interpretability comparable
to medical questionnaires. Similarly, Wang et al.
(2024) proposed a two-stage approach that first
retrieves sentences deemed to be relevant to Beck
Depression Inventory symptoms and then estimates
the overall level of depression. In line with these
developments, the CLEF eRisk 2023 shared task
introduced a new challenge focused on symptom re-
trieval (T1 task) (Parapar et al., 2023), thus framing
depression detection as a sentence-level retrieval
problem. Building on this task, Pérez et al. (2025)
released the DepreSym dataset, which contains ap-
proximately 21.5K sentences annotated according
to their relevance to specific BDI symptoms. This
dataset, obtained by pooling rankings from 37 par-
ticipating search systems, is one of the collections
used in our experiments.

In recent years, commercial mental health appli-
cations have also gained traction. These include



Limbic Access (Habicht et al., 2024), which sup-
ports clinical triage within the UK’s NHS; Woebot
(Fitzpatrick et al., 2017), which delivers conversa-
tional Cognitive Behavioral Therapy (CBT); and
Kintsugi Voice (Mazur et al., 2025), which enables
acoustic-based depression screening. While these
systems support clinical screening, triage, or inter-
vention, our work addresses fine-grained symptom
retrieval through clinically grounded representation
learning.

2.2 Contrastive Learning

This paper is also related to a second strand of lit-
erature on contrastive learning for sentence embed-
dings. In this area, models such as SimCSE (Gao
et al., 2021), Contriever (Izacard et al., 2021), and
HN-CSE (Liu et al., 2024) have demonstrated that
the inclusion of hard negatives (semantically sim-
ilar but meaningfully distinct samples) can signif-
icantly improve representation quality for text re-
trieval and semantic matching. Our work builds
upon these previous studies by introducing a novel
method for the automatic generation and selection
of hard negatives, tailored to the task of retrieving
relevant sentences for specific depression symp-
toms. In an innovative manner, we utilize a stan-
dard medical questionnaire to generate these chal-
lenging negative samples, and, similar to (Bucur,
2023), we also evaluate the ability of LLMs to pro-
duce effective synthetic data. Note that we do not
contribute a new contrastive objective or architec-
ture. Instead, our contribution lies in deriving clini-
cally grounded hard negatives from the structured
response options of a validated questionnaire.

3 Beck Depression Inventory

The Beck Depression Inventory is a validated clini-
cal questionnaire designed to measure 21 depres-
sive symptoms, spanning emotional (e.g., “Pes-
simism” or “Sadness”), cognitive (e.g., “Inde-
cision”), and physical (e.g., “Fatigue”) dimen-
sions (Beck et al., 1996a,b). For each symptom,
the questionnaire provides four possible responses
(e.g., for “Sadness” the choices are “I do not feel
sad”, “I feel sad much of the time”, “I am sad all
the time”, and “I am so sad or unhappy that I can’t
stand it”). It is a psychometric instrument designed
to rapidly screen for and measure the severity of
depressive symptoms. Clinicians primarily use it
to establish a baseline score and monitor a patient’s
progress and treatment effectiveness over time.

Under CLEF eRisk, the BDI has been lever-
aged to stimulate research on retrieving social me-
dia excerpts that may signal depressive symptoms
(Losada et al., 2019, 2020; Ríssola et al., 2021;
Crestani et al., 2022; Parapar et al., 2021, 2023,
2024, 2025). Specifically, eRisk provided a large
collection of sentences published by social media
users and the goal was to retrieve sentences that
are deemed as relevant for each BDI symptom.1

This challenge has been addressed using state-of-
the-art retrieval technology, including dense retriev-
ers with a dual-encoder architecture. However, as
shown in Fig. 1, encoded representations of sen-
tences from different BDI symptoms tend to over-
lap. General-purpose sentence embedding models,
such as all-mpnet-base-v22 (Song et al., 2020)
or Contriever3, were trained on massive text cor-
pora drawn from highly diverse sources, but still
fail to capture the fine-grained distinctions between
different depressive symptoms.

4 BDI-batch

Given a BDI item (symptom) and a sentence posted
online, a natural approach is to encode both with a
sentence embedding model and estimate relevance
based on the similarity between the encoded rep-
resentations. Indeed, Pérez et al. (2025) reported
that a dual encoder based on all-mpnet-base-v2
achieved the strongest performance in retriev-
ing sentences relevant to BDI symptoms. This
sentence-transformers model derives from a pre-
trained mpnet-base model that was subsequently
fine-tuned in a one billion sentence pairs dataset.
By injecting massive numbers of contrastive pairs
from multiple natural language datasets (Bowman
et al., 2015) (e.g., question-answer pairs, duplicate
question pairs, entailment pairs, and so forth), the
model was taught to capture broad patterns of se-
mantic similarity. Similarly, Contriever (Izacard
et al., 2021) is a retrieval model trained with the
Momentum Contrast (MoCo) objective (He et al.,
2020), enabling it to learn from a broad and diverse
set of negative examples. Although valuable as
general-purpose semantic search devices, we argue
that these methods lack the level of detail required

1This sentence retrieval task was conducted in 2023, 2024
and 2025 as eRisk Task 1 (T1)

2all-mpnet-base-v2: https://huggingface.co/
sentence-transformers/all-mpnet-base-v2

3Its adapted version to sentence-level repre-
sentations: https://huggingface.co/nishimoto/
contriever-sentencetransformer

https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/nishimoto/contriever-sentencetransformer
https://huggingface.co/nishimoto/contriever-sentencetransformer


Pair Symptom
I feel sad much of the time — I do not feel sad Sadness
I cry more than I used to — I feel like crying, but I can’t Crying
I am not discouraged about my future — I do not expect things to work out for me Pessimism
I don’t feel I am being punished — I expect to be punished Punishment Feelings
I dislike myself — I am disappointed in myself Self-dislike
I don’t enjoy things as much as I used to — I can’t get any pleasure from the things I used to enjoy Loss of Pleasure

Table 1: in-batch contrastive examples for the BDI item Sadness (5 most similar symptoms included in the batch).

to discriminate between specific symptoms linked
to depression.

In standard sentence embedding models, no in-
formed selection of negative pairs was applied dur-
ing training and, thus, sentences associated with
topically related symptoms such as “Sadness” and
“Crying” end up close in the embedding space. We
need to go beyond this basic representational ap-
proach by instructing the models to identify which
sentences are indeed far. To that end, we propose
BDI-batch, a strategy that leverages the responses
of the BDI questionnaire to generate contrastive
pairs. To obtain pairs of sentences linked to a given
BDI item, we simply sample two random responses
for the BDI item. For example, for “Sadness”, a
pair would be {“I feel sad much of the time”,“I am
so sad or unhappy that I can’t stand it”}. This
gives up to Permutations(4, 2) unique pairs de-
rived for each BDI item.4

Now, if we randomly choose one pair from each
BDI item and form a batch of 21 pairs, then we
can apply Multi-Negative Ranking Loss,5 which
encourages each pair of sentences to be pulled to-
gether while pushing it away from all other pairs
in the batch. This has the effect of bringing closer
together the sentences associated with a given BDI
symptom while simultaneously pushing apart those
linked to other items. This process can be repeated
multiple times, with each iteration selecting ran-
dom pairs of responses that represent each BDI
item.

However, the aforementioned approach may pro-
duce many uninformative contrastive pairs, given
the semantic gap that exists among several BDI
items. We therefore opt to group the BDI items into
clusters of related symptoms and create smaller
batches containing BDI items that are somehow
similar. In this way, our method forces the model to

4A couple of BDI items have more than 4 possible re-
sponses and, therefore, these items allow us to generate more
positive pairs.

5https://sbert.net/docs/package_
reference/sentence_transformer/losses.html#
multiplenegativesrankingloss

learn fine-grained distinctions (i.e., induces harder
contrastive pairs). To decide which BDI items
should be included in a batch, we first encode all
items6 and compute pairwise similarities. For each
BDI item, its k most similar symptoms are included
into its batch (see Table 1). The goal is to force
the encoder to separate nearby symptoms in the
embedding space, thereby improving its ability to
discriminate subtle symptom distinctions in the
downstream retrieval task. Note that we always
have 21 batches of size k (one for each BDI item).

5 Experiments

Following the evaluation protocol proposed by
Pérez et al. (2025), we treat each BDI item (depres-
sion symptom) as an independent search case. For
generating queries against the corpus, we leverage
each possible response from the questionnaire for
the target item. The search performance for each
symptom is obtained by averaging the retrieval ef-
fectiveness metrics across these queries. This al-
lows us to remain fully comparable with the refer-
ence baselines while providing a stable estimate of
sentence-level retrieval performance.

According to the relevance criteria (Pérez et al.,
2025), a sentence is considered relevant to a given
symptom “if it is on-topic but also provides explicit
information about the individual’s state related to
the symptom”. This subtle notion of relevance ex-
tends beyond topicality, and indeed, we observed
that the models (e.g., all-mpnet-base-v2) had a
tendency to retrieve sentences that were on-topic
but did not accurately describe the person’s own
psychological state. We therefore incorporated a
simple method based on part-of-speech (POS) tag-
ging to detect first-person constructions7 and pro-
moted on-topic sentences that fulfill this criterion.8

6We encoded the title and all the textual responses of each
BDI item with the model all-mpnet-base-v2

7POS tagging was performed using SpaCy’s
en_core_web_sm model (Honnibal et al., 2020).

8Specifically, we ensured that all sentences containing first-
person expressions were ranked above those that did not. To
achieve this, we simply added a large constant offset to every

https://sbert.net/docs/package_reference/sentence_transformer/losses.html#multiplenegativesrankingloss
https://sbert.net/docs/package_reference/sentence_transformer/losses.html#multiplenegativesrankingloss
https://sbert.net/docs/package_reference/sentence_transformer/losses.html#multiplenegativesrankingloss


For training the BDI-batch embedding models,
we set the batch size to k = 10 symptoms. The
combinatorial space of possible batches is large,
since each symptom yields at least 12 option pairs.
To account for this, we need a number of epochs
that is large enough to adequately cover this broad
training example space, but at the same time small
enough to avoid overfitting. We opted for select-
ing 10 epochs as a reasonable trade-off between
exposure to diverse contrastive configurations and
generalization. Both hyperparameters might have
an important effect in performance, thus the sensi-
tivity of our method to different epochs and batch
sizes is studied in Section 6.3.

For our experiments, we used the collections
from the eRisk T1 2023 and 2024 tasks (Pérez
et al., 2025; Parapar et al., 2024). 9 These tasks
consisted of identifying sentences relevant to each
BDI symptom. Participants received a large collec-
tion of candidate sentences (extracted from social
media) and were instructed to rank them by their
relevance to each symptom. The eRisk organizers
then applied a pooling strategy on the submitted
runs and, subsequently, human assessors annotated
each pooled sentence with a label that indicates its
relevance to the target symptom.

We compare our BDI-batch approach against
several baselines. BM25 is a classic term-based
retrieval method, while BM25+CE10 extends it
by incorporating a cross-encoder re-ranking step
(Thakur et al., 2021). We also experiment with
several dense retrievers based on dual-encoder ar-
chitectures, where BDI responses and candidate
sentences are both encoded into dense represen-
tations. For instance, ANCE (Xiong et al., 2020)
consists of a bi-encoder architecture that employs
Approximate Nearest Neighbor (ANN) indexes to
create robust training instances. Two additional
key baselines are dense retrieval methods based on
the embedding models all-mpnet-base-v2 and
Contriever. For these methods, we evaluate both
their unmodified form (i.e., using their original
embeddings) and our variant, which performs the
BDI-based embedding adaptation process outlined
above. To ensure a fair comparison, the first-person
promotion was applied to all baselines. Our ob-

sentence that met this criterion. In Appendix A we further
discuss the effect of this stage through an ablation study.

9Collections were obtained upon request to eRisk organiz-
ers.

10We used cross-encoder/ms-marco-MiniLM-L-6-v2
model for re-ranking

jective is not to optimize an end-to-end retrieval
system, but rather to generate embeddings that ef-
fectively represent the BDI symptoms. This im-
provement is potentially complementary to other
advances in the retrieval process, and we leave for
future work the integration of these representations
into other retrieval strategies.

Following Pérez et al. (2025), retrieval effective-
ness is measured using a recall-oriented metric,
recall at 100 (R@100), and two NDCG-variants
(NDCG@10 and NDCG@1000). The experi-
ments were run in a single node with a 5090 GPU
and 32GB of VRAM. Learning rate and warm-up
steps were fixed to 5e − 5 and 100, respectively.
Our code is publicly available for the research com-
munity to use.11

6 Results

In Table 2, we report the search results for both
collections. We name our models with the prefix
bdi followed by the name of the original model
they were trained on. We conducted Wilcoxon
signed-rank tests (α = .05) to compare our dense
retrieval variants with their original counterparts.

In both datasets, the BDI-batch variants sig-
nificantly outperform the baselines and yield im-
provements over the original retrievers that are sta-
tistically significant. The bdi-all-mpnet-base
model achieves the best results overall. This is a
natural outcome, given that all-mpnet-base-v2
was already the best-performing baseline. Observe
also that bdi-contriever is substantially better
than contriever, also demonstrating the benefits
of our embedding-creation process.

In the 2024 collection, the performance figures
of the baseline methods were better. Particularly,
ANCE achieved the best NDCG@10 performance
among the baselines. However, our variants outper-
formed these results. Again, the Contriever-based
variant experienced the largest increase. These
results demonstrate the effectiveness of our con-
trastive learning approach in improving psycholog-
ical marker retrieval.

Our novel way to leverage clinical questionnaire
data to generate contrastive examples was highly
effective. For instance, Figure 2 presents the symp-
toms exhibiting the largest relative improvements
under our BDI-batch fine-tuning method, as well
as those showing the smallest gains (or even perfor-
mance declines). Only two symptoms are adversely

11
§ https://github.com/MarcosFP97/bdi-batch

https://github.com/MarcosFP97/bdi-batch


Dataset Model R@100 NDCG@10 NDCG@1000

eRisk T1 2023
Baselines

BM25 .141 .356 .404
BM25 + CE .141 .704 .446
ANCE .274 .802 .664
all-mpnet-base-v2 .291 .834 .698
contriever .273 .761 .686

Ours bdi-all-mpnet-base-v2 .372↑ .947↑ .817↑

bdi-contriever .324↑ .823↑ .743↑

eRisk T1 2024
Baselines

BM25 .177 .628 .625
BM25 + CE .177 .858 .649
ANCE .277 .938 .837
all-mpnet-base-v2 .268 .926 .805
contriever .265 .880 .819

Ours bdi-all-mpnet-base-v2 .315 .976↑ .948↑

bdi-contriever .303↑ .941 .921↑

Table 2: Retrieval performance results. We mark in italics if our BDI-batch strategy outperforms its base counterpart.
In bold, the best performer for each collection and measure. The symbol ↑ marks the cases where our variants led to
statistical significant improvements with respect to their original variant.

Figure 2: NDCG@10 performance of the original bi-
encoder and our BDI fine-tuned model.

affected by our approach. As discussed earlier, this
behavior can be attributed to the inherent difficulty
of the task and to cases where symptoms exhibit
substantial overlap, which can hinder precise dis-
crimination. Overall, however, our method yields
consistent performance improvements across most
symptoms.

To better understand the impact of our approach,
we visualize the embeddings of relevant sentences
for both the original model and our BDI-batch

encoder (see Appendix B). Our BDI-batch models
are publicly available to use.12

6.1 Synthetic data generated by LLMs

As a natural alternative to train the embeddings, we
evaluated LLMs’ ability to generate synthetic pairs.
We experimented with a proprietary model, GPT-4
(Achiam et al., 2023), and an open model, Qwen3-
8B (Bai et al., 2023),13 and instructed these models
to generate synthetic sentences that are relevant to
the BDI symptoms (see prompt in Appendix C, Fig-
ure 5). For each BDI item, we generated as many
synthetic sentences as those available in the real
clinical questionnaire and, following the method
described in Section 4, the resulting sentences were
leveraged to obtain contrastive pairs that were used
to fine-tune the all-mpnet-base-v2 model.

As shown in Table 3, fine-tuning with LLM-
generated contrastive examples did not outperform
the use of BDI-derived pairs. One possible explana-
tion is that, despite explicit prompting, the models
often failed to produce truly separate sentence pairs.
For example, for the “Crying” symptom, GPT-4
generated “I express my emotions appropriately”.
In contrast, pairs obtained from the real question-
naire are inherently more distinctive of specific
symptoms and therefore provide a clearer signal
for guiding the contrastive learning process.

12https://huggingface.co/citiusLTL/
bdi-all-mpnet-base-v2. Note that access to the
models’ weights does not grant or imply any license to use
the official BDI-II.

13We used the Q4 quantized version: https://ollama.
com/library/qwen3:latest

https://huggingface.co/citiusLTL/bdi-all-mpnet-base-v2
https://huggingface.co/citiusLTL/bdi-all-mpnet-base-v2
https://ollama.com/library/qwen3:latest
https://ollama.com/library/qwen3:latest


Dataset Model R@100 NDCG@10 NDCG@1000

eRisk T1 2023
BDI data bdi-all-mpnet-base-v2 .372 .947 .817

LLM data gpt4-all-mpnet-base-v2 .332↓ .901↓ .784↓

qwen-all-mpnet-base-v2 .301↓ .844↓ .724↓

eRisk T1 2024
BDI data bdi-all-mpnet-base-v2 .315 .976 .948

LLM data gpt4-all-mpnet-base-v2 .296↓ .955 .914↓

qwen-all-mpnet-base-v2 .287↓ .926↓ .868↓

Table 3: Contrastive learning with BDI-data vs LLM-generated data. The symbols ↑ and ↓ mark statistical significant
improvements or deteriorations with respect to the BDI variant.

6.2 Comparison with eRisk’s participants

To better contextualize the performance of our
best models, we reproduced the similarity-based
strategies used by the top-ranked eRisk systems
in our sentence-pooled retrieval setting (one re-
trieval run per BDI option). For the 2024 col-
lection, the AP3CM team (Bascuñana and Bed-
mar, 2024) obtained the highest precision scores
using all-MiniLM-L12, a smaller but more ef-
fective model for sentence retrieval (Wang et al.,
2020). Meanwhile, the NUS IDS team (Ang et al.,
2024) achieved the best recall-oriented results by
combining an ensemble of sentence encoders with
multiple query formulations (referred to as exem-
plars). Their ensemble first retrieved top-k can-
didates independently with all-mpnet-base-v2,
all-MiniLM-L12, and all-MiniLM-L6, merged
the candidate sets, and then re-ranked them by aver-
aging the exemplar-based similarity scores across
models. In our setting, their exemplars can be natu-
rally instantiated as the four BDI options for each
symptom, allowing us to adapt their ensemble strat-
egy to our setting.

Table 4 shows that our BDI-batch model out-
performs both retrieval approaches. This result is
particularly relevant because it demonstrates the
robustness of our method when compared against
more specialized and even ensemble systems. No-
tably, these approaches outperform all baseline
models reported in Table 2, yet our model still
achieves higher effectiveness.

6.3 Ablation study

To understand the effect of the number of epochs
and number of symptoms in each batch, we experi-
mented with the bdi-all-mpnet-base-v2 model
on the eRisk T1 2023 with varying numbers of
these hyperparameters (see Table 5). Note that we
also evaluated a configuration where pairs of sen-
tences from any other symptom were included in
the batches. Regarding epochs, both configurations

(10 and 20) seem equally effective. As can be seen,
increasing training epochs with respect to our de-
fault configuration did not provide further value,
most likely due to excessive repetitions of the same
pairs. Regarding the number of symptoms per
batch, 5 symptoms and all symptoms seem subop-
timal. The latter considers all remaining symptoms
as potential sources of negative pairs and, therefore,
fails to generate genuinely hard negatives. The
slight underperformance of the 5-symptom con-
figuration may stem from the implicit association
among many BDI items, which makes it benefi-
cial to contrast a given item with a wider range of
related symptoms. Taken together, these results val-
idate the design of BDI-batch, since exposing the
model to sentences from related symptoms in the
same batch promotes finer-grained differentiation
in the embedding space.

7 Error Analysis

To further understand the benefits of this represen-
tational approach, we selected the two symptoms
that showed the largest precision gains achieved
by BDI-batch (“Agitation” and “Self-dislike”) and
performed a manual inspection of the top-5 re-
trieved sentences (see Table 6). The original en-
coder retrieves several irrelevant sentences for both
symptoms, whereas our model achieves perfect
P@5. For “Agitation”, the baseline ranks topically
related but irrelevant sentences (e.g., “I feel ex-
tremely jittery and kinda angry and I keep adjusting
my clothes”) as well as sentences that are relevant
to closely related symptoms (e.g., “I am way more
irritable, angrier, less patient, etc!”, which corre-
sponds to the “Irritability” symptom). For “Self-
dislike”, the baseline again retrieves sentences that
are semantically close but do not explicitly express
that the individual experiences the symptom (e.g.,
“I am disappointed”).

By inspecting additional symptoms and errors
made by the Contriever model, we observed that



Model R@100 NDCG@10 NDCG@1000
Ours bdi-all-mpnet-base-v2 .315 .976 .948

Participants’ approaches AP3CM .291↓ .941↓ .875↓

NUS IDS .294↓ .952 .851↓

Table 4: Comparison of our BDI contrastively fine-tuned model with the top eRisk 2024 systems, re-evaluated on
our sentence-level retrieval setting. We also marked (↑↓) the statistical significant differences with respect to our
model.

Hyperparams R@100 NDCG@10 NDCG@1000
10 epochs & 5 symptoms .360 .939 .801
10 epochs & 10 symptoms .372 .947 .817
10 epochs & 15 symptoms .367 .945 .818
10 epochs & all symptoms .367 .940 .821
20 epochs & 5 symptoms .360 .941 .796
20 epochs & 10 symptoms .370 .948 .812
20 epochs & 15 symptoms .364 .945 .813
20 epochs & all symptoms .366 .944 .812

Table 5: Varying the number of epochs and batch sizes (bdi-all-mpnet-base-v2 model, eRisk T1 2023).

Symptom Model Top-5 results

Agitation

all-mpnet-base-v2

"Its hard to explain, its like I feel restless and incapable of action at the same time." (Rel.)
"I feel bursts of positivity...then restlessness and end up doing nothing." (Rel.)
"I’m restless, can’t sit still, can’t concentrate, etc." (Rel.)
"I feel extremely jittery and kinda angry and I keep adjusting my clothes." (Irrel.)
"I am way more irritable, angrier, less patient, etc!." (Irrel.)

bdi-all-mpnet-base-v2

"I’m restless, can’t sit still, can’t concentrate, etc." (Rel.)
"Its hard to explain, its like I feel restless and incapable of action at the same time." (Rel.)
"But right now I just feel restless and weird." (Rel.)
"Ive tried meditation but I just become restless as hell" (Rel.)
"I am also restless." (Rel.)

Self-dislike

all-mpnet-base-v2

"I am so disappointed in myself." (Rel.)
"I’m dissapointed in myself." (Rel.)
"I am disappointed in myself right now I edited" (Rel.)
"I am disappointed" (Irrel.)
"I am disappointed" (Irrel.)

bdi-all-mpnet-base-v2

"I am so disappointed in myself." (Rel.)
"i really hate myself" (Rel.)
"I really hate myself" (Rel.)
"I’m dissapointed in myself." (Rel.)
"I’m just so disappointed in myself that it’s not the case." (Rel.)

Table 6: Top-5 results for all-mpnet-base-v2 model and our BDI fine-tuned model.

mistakes fall into the same two categories identified
earlier: i) selecting a sentence that is relevant to
a different but closely related symptom (e.g., for
“Changes in Sleeping Patterns”, the model retrieved
sentences relevant to “Loss of Interest in Sex”), and
ii) selecting a topically related sentence that does
not clearly express the symptom (e.g., Contriever
considered “Normally, when I go to sleep, I try to
sleep as fast as possible” relevant to “Changes in
Sleeping Patterns”). The first type of error accounts
for approximately 45% of cases, while the second
is slightly more frequent.

8 Discussion

A central insight emerging from our study concerns
the nature of hard negatives in the context of clini-
cal symptom retrieval. Unlike many settings where
negatives are clearly distinct, depressive symptoms
are inherently overlapping. As a result, a hard neg-
ative is not merely a semantically similar but irrele-
vant instance, but rather a sentence that plausibly
expresses a related symptom. The effectiveness of
BDI-batch suggests that contrastive learning can
be meaningfully adapted to this setting when neg-
ative examples are grounded in subtle clinical dis-



tinctions. We observed a trade-off between symp-
tom granularity and semantic overlap. Our ablation
results indicate that using too few symptoms per
batch limits the diversity of contrasts, while includ-
ing all symptoms dilutes the hardness of negatives
by introducing pairs that are trivially separable. In-
termediate batch sizes appear to strike a balance by
exposing the model to a sufficiently broad yet still
semantically challenging set of related symptoms.
This finding reflects a more general limitation of
representation learning in highly correlated label
spaces, where excessive granularity may not trans-
late into better discrimination unless supported by
carefully structured training signals.

Finally, the comparison between questionnaire-
derived contrasts and LLM-generated synthetic
data highlights the importance of inductive bias in
contrastive learning. Standardized clinical ques-
tionnaires, such as the BDI, are the product of
decades of psychometric validation, with response
options crafted to be precise, mutually informative,
and clinically interpretable. These properties ap-
pear to provide a stronger learning signal than syn-
thetic sentences generated by LLMs, which may in-
troduce unintended ambiguity or overlap despite ex-
plicit prompting. More broadly, this result points to
a promising research direction: leveraging expert-
designed instruments in other domains rather than
mental health with structured assessment tools.

9 Conclusion and Future Work

Automatic depression detection has evolved from
binary classification to fine-grained symptom iden-
tification, which is more useful for clinical prac-
tice. Nevertheless, even state-of-the-art retrieval
models struggle to accurately distinguish between
relevant sentences corresponding to topically sim-
ilar symptoms. In this paper, we have introduced
BDI-batch, a BDI-based contrastive learning ap-
proach that effectively selects contrastive pairs to
enhance sentence-level representations. Our study
introduced a novel way of leveraging standardized
clinical questionnaires for computational mental
health research. As future work, we plan to investi-
gate the performance of our model in cross-disorder
settings, e.g. evaluating whether a model adjusted
for depression can correctly identify fine-grained
symptoms in other disorders.

Limitations

Our experiments rely on publicly available datasets
collected from a social media platform whose user
base might not be demographically representative.
This may limit the extent to which our findings
generalize to broader populations, including older
adults or communities that are less active online.
Moreover, the study focuses exclusively on English-
language content, which restricts conclusions to
the linguistic and cultural context in which the data
were produced.

Despite these constraints, our approach is highly
adaptable and could be extended to other languages,
platforms, and disorders. This flexibility opens op-
portunities to examine how symptoms manifest
in different cultural and social settings. In future
work, we plan to broaden the scope of our evalua-
tion by incorporating multilingual data, alternative
social media sources, and additional mental health
conditions.

A further limitation of our approach is its re-
liance on the Beck Depression Inventory as the
sole source of clinically grounded symptom defi-
nitions. While the BDI is a widely validated and
influential instrument, its specific phrasing and con-
ceptualization of symptoms inevitably shape the
contrastive signal used during training, and the
resulting representations may not transfer seam-
lessly to alternative questionnaires or diagnostic
frameworks that operationalize depressive symp-
toms differently. Broader validation across other
questionnaires, disorders, and symptom-grouping
criteria remains an important direction for future
work. The proposed framework could be applied
to other clinically validated questionnaires with
structured response options. Although our empir-
ical evaluation is constrained by the limited avail-
ability of collections with sentence-level symp-
tom relevance annotations, the method itself is
questionnaire-agnostic and can be readily extended
to additional datasets as they become available.

Moreover, although our method improves
sentence-level retrieval performance, these gains
should not be interpreted as evidence of clinical
validity or diagnostic utility. The proposed models
are intended to support information retrieval and
research-oriented analyses, rather than to serve as
tools for screening, diagnosis, or clinical decision-
making without expert oversight.



Ethical considerations

This work aims to contribute to methods that sup-
port the understanding of mental health conditions,
rather than serving as a diagnostic tool for targeting
individuals. As noted by previous research, such
computational approaches should be understood as
tools that complement, rather than replace, clini-
cal expertise (Neuman et al., 2012). Automated
screening systems are best viewed as digital sup-
port mechanisms that may help reduce the burden
on healthcare services. This study did not involve
any interaction with social media users, nor did it
provide any form of health advice. All analyses
were conducted on publicly available data, in ac-
cordance with the platform’s access policies and
crawling guidelines. Because the data were pub-
licly accessible and no user contact occurred, the
study qualified for exemption from institutional
ethics review.

Despite the use of publicly available data, ana-
lyzing online text for mental health–related signals
raises broader ethical concerns regarding contex-
tual integrity, as users may not anticipate that their
posts could be repurposed for psychological anal-
ysis. Moreover, techniques developed for symp-
tom retrieval could be misused in settings such as
surveillance or profiling, which falls outside the
intent of this work. Any application of such meth-
ods in real-world contexts would therefore require
careful governance, transparency, and human-in-
the-loop oversight, as well as adherence to relevant
ethical, legal, and clinical standards.
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A First-Person Heuristic Impact

As shown in Table 7, the first-person promo-
tion post-processing step improves performance
for both the base and fine-tuned bi-encoder mod-
els. Nevertheless, contrastive learning fine-tuning
provides further performance gains beyond those
achieved with this heuristic alone.

B Embedding visualizations

We reduced the embedding dimensionality using
UMAP (McInnes et al., 2018) with three output
dimensions, 15 neighbors, and a minimum distance
of 0.1. Figure 3 plots five related BDI symptoms
and how the base model struggles to cluster them
appropriately, with particularly poor separation be-
tween “Self-dislike” and “Pessimism”. Our fine-
tuned model yields a clearer separation. For in-
stance “Punishment Feelings” relevant sentences
form a coherent cluster. Still, the fine-tuned model
fails to fully separate “Self-dislike” from “Crying”.
This highlights the intrinsic difficulty of distin-
guishing closely related symptoms. To view the
full set of BDI symptoms, the reader can examine
Figure 1 (the first 10 BDI symptoms) and Figure 4
(remaining 11 symptoms).

https://www.who.int/news-room/fact-sheets/detail/depression
https://www.who.int/news-room/fact-sheets/detail/depression


Model R@100 NDCG@10 NDCG@1000

all-mpnet-base-v2 (w/o 1st person) .261 .708 .674
all-mpnet-base-v2 (with 1st person) .291 .834 .698
bdi-all-mpnet-base-v2 (w/o 1st person) .327 .895 .797
bdi-all-mpnet-base-v2 (with 1st person) .372 .947 .817

Table 7: Effect of the first-person promotion heuristic on the bi-encoders’ retrieval performance.

(a) Base (b) BDI fine-tuned

Figure 3: Sentences annotated as relevant to five related BDI symptoms. The left-side graph plots the UMAP
representations of their all-mpnet-base-v2 embeddings while the right-side graph plots the UMAP representations
of our BDI-based variant.

(a) Base (b) BDI fine-tuned

Figure 4: Sentences annotated as relevant to the remaining eleven BDI symptoms. The left-side graph plots
the UMAP representations of their all-mpnet-base-v2 embeddings while the right-side graph plots the UMAP
representations of our BDI-based variant.

C Prompt for generating synthetic
examples

Figure 5 shows the prompt utilized to generate syn-
thetic examples.



For the 21 symptoms of the Beck Depression
Inventory (BDI) questionnaire, I want you to
generate 4 examples of sentences for each
symptom. The sentences need to illustrate a
person experiencing the symptom and talking
about themselves, they can be either positive
(having the symptom) or negative (not having
the symptom).
For example, for Pessimism symptom sen-
tences could be "I feel hopeless all the time"
or "I am not pessimistic at all".’ Just answer
with a JSON in which the key is the symptom
name and the values a list of four sentences.
There cannot be overlapping between symp-
toms. Sentences should illustrate only one
condition.

Figure 5: Prompt for generating synthetic examples.
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