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Abstract
In this paper we present a natural language processing approach for two therapeutic dialogue tasks proposed at
IberLEF 2026. The proposed approach combines multilingual sentence embeddings with rule-based heuristic
strategies to model semantic and contextual information from psychotherapy conversations. For Task 1, the
system estimates PHQ-9, GAD-7, and CompACT-10 scores through cosine similarity between patient utterances
and predefined clinical descriptors. For Task 2, the framework selects therapeutic responses by integrating
contextual semantic similarity with clinically inspired heuristic rules related to empathy and conversational
appropriateness. Based on the experimental results obtained on the official competition dataset, demonstrate
stable performance across multiple evaluation rounds, achieving a combined MAE of 1.543 in psychometric
prediction and an accuracy of 0.356 in therapeutic response selection. The results highlight the potential of
lightweight embedding-based methods for supporting conversational mental health systems.
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1. Introduction

The conversational Artificial Intelligence (AI) systems that help in the diagnosis of mental health have
gained attention due to their potential to support psychological assessment and therapeutic interaction
[1]. However, challenges remain in accurately interpreting patient language and generating appropriate
responses that are both clinically meaningful and empathetic [2].

In recent years, the investigation on mental disease has increased considerably, but in the Spanish
language, the dataset for Natural Language Processing (NLP) tasks is low, because datasets are more
frequent in other languages [3].

Hence, this work addresses two core tasks proposed by IberLEF 2026 [4] [5], which consist of
therapeutic dialogue systems: (1) psychometric prediction from natural language input and (2) response
selection in multi-turn conversations. Therefore, we propose a hybrid approach combining pretrained
multilingual sentence embeddings with heuristic rules to enhance both semantic understanding and
interpretability. The main contributions of this work are: A multilingual embedding-based framework
for automatic psychometric scale estimation from therapeutic conversations. A hybrid response selection
strategy combining semantic similarity and therapeutic heuristics. An evaluation on the official IberLEF
2026 therapeutic dialogue tasks.
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The remainder of this paper is organized as follows. Section 2 presents the main concepts and theo-
retical background. Section 3 reviews related work in conversational AI and mental health applications.
Section 4 describes the proposed methodology for both tasks. Experimental results are presented in
Section 5, while Section 6 concludes the paper and discusses future directions.

2. Background

In this section, we present the main concepts that support our work, including conversational AI in men-
tal health, natural language processing techniques, sentence embeddings, psychometric questionnaires,
and multi-turn dialogue systems.

In recent years, conversational or textual AI systems are used increasingly more to support the
evaluation of health, among them mental health and therapeutic interactions. These systems seek
to understand the language of the patient and provide appropriate responses in a dialogue context.
However, they face different challenges, such as capturing the semantic meaning of the expressions of
the patient and generating coherent, empathetic, and clinically relevant responses.

To face these challenges, NLP plays a fundamental role by allowing machines to understand and
process human language in a precise way. In the context of mental health, NLP techniques are applied
to analyze clinical texts and therapeutic conversations. Such methods allow extracting meaningful
information from unstructured data, which is essential for tasks such as symptom detection and response
selection.

A key component of these approaches is the use of sentence embeddings, since they are vector
representations of the text that capture the semantic meaning. Pretrained models, such as sentence
transformers, allow the representation of sentences in a shared semantic space, which makes possible to
calculate the similarity between the inputs of the patient and predefined elements using measures such
as cosine similarity. Such representations are particularly useful in scenarios with limited resources,
where labeled data are scarce.

In this context, psychometric instruments such as PHQ-9, GAD-7, and CompACT-10 provide standard-
ized tools to evaluate mental health disorders, such as depression, anxiety, and psychological flexibility.
Likewise, semantic similarity plays a fundamental role in the estimation of questionnaire responses,
since it allows to use cosine similarity to compare the contributions of the patient with the items of the
questionnaire.

3. Related Works

In this section, we review previous studies related to the application of natural language processing,
machine learning, and artificial intelligence in mental health assessment, psychotherapy analysis, and
therapeutic dialogue systems.

In [6] propose a NLP approach to automatically evaluate the quality of therapeutic sessions based on
motivational interviews. The study uses 253 counseling transcripts classified into high- and low-quality
sessions, from which 42 features related to conversational dynamics, semantic similarity, sentiment
analysis, and question detection were extracted. Subsequently, the authors applied ML models such
as Random Forest, CatBoost, and SVM, obtaining the best results with Random Forest, reaching up
to 88.9% accuracy and 94.6% AUC after balancing and data augmentation techniques. The authors
conclude that variables such as patient participation and semantic alignment between therapist and
client are important indicators of therapeutic quality, demonstrating the potential of NLP and ML to
support the objective evaluation of clinical conversations.

On the other hand, [7] present a review on the use of AI and ML in mental health, highlighting
how these technologies are transforming traditional psychiatric diagnosis and treatment models. The
authors point out that conventional evaluations depend largely on subjective assessments, which can
generate misdiagnoses and delays in intervention. In response to this, the authors indicate that AI-based
models use large volumes of data, behavioral analysis, and neuroimaging to offer more objective and



predictive evaluations. In addition, they found evidence that techniques such as deep learning and
NLP allow real-time monitoring, early disorder detection, and treatment personalization according to
genetic, psychological, and environmental factors.

In [8] present a review of related works on the use of AI, ML, and deep learning for the detection,
diagnosis, and treatment of depression. The authors highlight that data-based approaches allow the
development of more precise and personalized systems in mental health, using information from text,
magnetic resonance imaging, and functional magnetic resonance imaging. In addition, they managed
to identify a transition from traditional ML models toward deep learning architectures and transformer-
based embeddings, such as BERT, for clinical text analysis. Furthermore, the authors also indicate that
AI can improve treatment response prediction and support therapeutic personalization; however, they
warn about important limitations related to reduced sample sizes, overfitting, lack of external validation,
and limited clinical evidence regarding real improvements in patients.

On the other hand, in [9] present that technologies such as NLP, deep learning, and multimodal
data analysis from voice, text, and biosensors allow the identification of behavioral and physiological
indicators associated with psychological distress. In addition, they propose concepts such as the
digital psychological signature and digital mental health ecosystems to support more preventive and
patient-centered care models. However, the authors indicate that the study also warns about limitations
related to reduced sample sizes, lack of external validation, algorithmic biases, data privacy, and digital
inequality.

In [10] present the use of ML and NLP as tools applied to the research and evaluation of psychothera-
peutic processes. The authors analyze the capability of ML models to predict the therapeutic alliance
from the linguistic content of psychotherapy sessions. For this purpose, they used recordings of 1,235
sessions corresponding to 386 patients treated by 40 therapists at a university counseling center, which
were processed through automatic speech recognition. The authors mention that based on the obtained
results, the algorithms managed to moderately predict therapeutic alliance ratings using only the verbal
content of the sessions. In addition, the authors indicate that the study highlights the potential of
AI to automate the evaluation of relevant clinical variables within psychotherapy and suggests that,
with larger datasets and better technologies, these models could significantly support clinical training,
therapeutic supervision, and the improvement of mental health services.

In [11] present a study that analyzes the use of ML algorithms to predict response to psychotherapeutic
treatment in hospitalized patients within naturalistic clinical settings. The authors used a sample of
723 patients and evaluated demographic variables, physical indicators, psychological indicators, and
treatment-related variables to identify factors associated with therapeutic success. Based on the obtained
results, the authors showed a significant relationship between the initial severity of symptoms and
the post-treatment condition, in addition to evidence that ML models outperformed traditional linear
regressions in predictive capability. Among the most relevant factors, the authors highlighted treatment-
related variables and psychological indicators, while physical and demographic variables had little
influence.

The authors in [12] analyze the use of ML to predict patient responses to short-term dynamic therapies.
The authors used data from 95 patients who participated in a 16-session treatment, monitoring progress
weekly through the Outcome Questionnaire (OQ45) and Target Complaints (TC) instruments. Through
random forest and elastic net models, the authors managed to identify change trajectories between
responders and non-responders using pre-treatment information. Based on the obtained results, the
authors showed that variables such as initial symptom severity, difficulties in emotion regulation,
avoidant attachment, neuroticism, and interpersonal problems were important predictors in the OQ45
trajectories, reaching an accuracy of 72.8%. For the TC trajectories, the authors managed to highlight
factors such as initial problem severity, self-sacrificing extraversion, and lack of assertiveness, with an
accuracy of 62.8%.



4. Methodology

In this section, we present the methodology proposed for the two tasks of the MentalRiskES shared
task at IberLEF 2026 [5, 4].

The first task, entitled: Early Symptom Detection in Therapeutic Conversations, is developed using
the following methodology: For the development of task 1, an approach based on NLP was proposed to
automatically estimate psychological indicators associated with the PHQ-9, GAD-7, and CompACT-10
scales from the therapeutic conversations provided by the competition. For the semantic representation
of the text, a multilingual model sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2 was
used. The model generates dense embeddings to capture semantic relationships between linguistic
expressions in different languages.

The input data were the conversational transcripts stored in JSON format from the dataset provided
by the competition, considering both the current patient message and the recent context of therapeutic
interaction. To preserve the semantic continuity of the conversation, the last turns of the conversational
history were integrated into the construction of the textual context used for the analysis. Subsequently,
semantic embeddings were generated both from the patient’s discourse and from the items corresponding
to the evaluated clinical scales. The relationship between both vector spaces was calculated by applying
cosine similarity, allowing the estimation of the degree of semantic correspondence between the
conversational content and the psychological symptoms defined in each clinical instrument. The
similarities were transformed into discrete scores through a heuristic function based on predefined
thresholds. In the case of the CompACT-10 scale, score inversion was applied to the items defined as
reversed according to the original structure of the instrument.

The second task: Therapist Response Selection (Decision Support) is developed with the next method-
ology: For the development of the second task consisted in the development of an automatic system for
selecting therapeutic responses using semantic representations and heuristic strategies oriented to the
clinical context. Therefore, the same multilingual transformer model sentence-transformers/paraphrase-
multilingual-MiniLM-L12-v2 from task 1 was used with the objective of maintaining consistency in
the textual representation between both tasks. The system received as input the accumulated con-
versational history and the current patient message, which allowed the construction of a contextual
representation of the therapeutic interaction. Subsequently, semantic embeddings were calculated for
each one of the candidate responses provided by the system. The contextual relevance of each response
was estimated through cosine similarity between the embedding of the conversational context and
the embeddings of the available options. Additionally, a heuristic module based on linguistic patterns
associated with desirable therapeutic practices was incorporated, including expressions of empathy,
emotional validation, affective exploration, and open formulations oriented to clinical dialogue. In the
same way, directive or potentially invalidating expressions were penalized.

Heuristic rules were incorporated to introduce clinically interpretable conversational behaviors that
may not be fully captured through embedding similarity alone, particularly expressions related to
empathy, emotional validation, and directive language. Figures 1 and 2 present the general frameworks
of the proposed methodologies for both tasks.

5. Results

In this section we present the results obtained of applying the methodology proposed in section 4 for
both tasks.

The proposed framework achieved stable performance across the three competition rounds. In Table
1 we expose the best PHQ-9 prediction performance was obtained in Round 1 with an MAE of 1.185,
while the best GAD-7 performance was achieved in Round 2 with an MAE of 1.230. For CompACT-10,
the lowest MAE was observed in Round 1 with a value of 2.173. Overall, the system maintained a
consistent combined MAE of approximately 1.54 across all evaluations, demonstrating robustness and
stability in automatic psychological scale estimation from therapeutic conversations.



Figure 1: General framework of the automatic clinical scale estimation task 1

Table 1
Performance results obtained for Task 1 across the three competition rounds.

Round MAE GAD-7 MAE PHQ-9 MAE CompACT-10 Combined MAE
0 1.246 1.202 2.185 1.544
1 1.271 1.185 2.173 1.543
2 1.230 1.187 2.216 1.544

According to the official MentalRiskES 2026 leaderboard, our best submission (Run 1) achieved a
Combined MAE of 1.543, obtaining the 31st position among participating systems. The best-performing
system achieved a Combined MAE of 0.879. Although the proposed approach did not reach the top
positions, the results demonstrate that a lightweight framework based on multilingual embeddings
and heuristic rules can provide stable psychometric predictions without requiring extensive model
fine-tuning.

The early detection evaluation assessed the capability of the proposed framework to estimate psy-
chological scales at different conversational stages, represented by the R10, R30, and R60 evaluation
windows. Table 3 we expose across the three competition rounds, the best overall early detection



Figure 2: General framework of the automatic therapeutic response selection task 2

performance was achieved in Round 2 for the R10 setting with a combined MAE of 1.519, while the
lowest combined MAE for the R60 setting was consistently obtained in Rounds 0 and 2 with a value of
1.157. On the other hand, the R30 setting produced the highest prediction errors across all evaluations,
suggesting greater difficulty in estimating psychological indicators during intermediate conversational
stages.

The evaluation of Task 2 (see Table 2) assessed the capability of the proposed framework to au-
tomatically select appropriate therapeutic responses during conversational interactions. Across the
three competition rounds, the best predictive performance was achieved in Round 1, obtaining an
overall accuracy of 0.356, a Macro F1 of 0.353, and an Error Recovery Rate of 0.374. In contrast, round 2
produced the lowest overall performance with an accuracy of 0.303 and a Macro F1 of 0.302. The results
indicate that the combination of semantic similarity and heuristic therapeutic evaluation allowed the
system to achieve stable response selection performance across different conversational settings.

The higher performance observed in Round 1 for Task 2 suggests that heuristic therapeutic patterns
contributed positively to contextual response selection. However, the performance variability across
rounds indicates that semantic similarity alone may not fully capture the complexity of therapeutic



Table 2
Performance results obtained for Task 2 across the three competition rounds.

Round Accuracy Macro Precision Macro Recall Macro F1 Error Recovery Rate
0 0.319 0.319 0.321 0.319 0.315
1 0.356 0.353 0.355 0.353 0.374
2 0.303 0.305 0.302 0.302 0.289

dialogue dynamics.
In Table 3, we expose early detection performance results for Task 1 across the three competition

rounds using MAE-Combined metrics at different conversational windows (R10, R30, and R60).

Table 3
Results for task 1 across the different rounds

Round R10 MAE-Combined R30 MAE-Combined R60 MAE-Combined
0 1.603 2.440 1.157
1 1.547 2.040 1.200
2 1.519 2.090 1.157

5.1. Error Analysis

The results show that CompACT-10 consistently produced higher MAE values than PHQ-9 and GAD-7
across all evaluation rounds. This finding suggests that estimating psychological flexibility from conver-
sational data may be more challenging than estimating depression or anxiety indicators. Furthermore,
the variability observed across conversational windows indicates that the amount of available dialogue
context can substantially influence prediction quality. Future work should investigate which linguistic
and contextual factors contribute most strongly to these prediction errors.

6. Conclusions

In this work we presented an NLP approach for automatic psychological scale estimation and therapeutic
response selection from psychotherapy conversations. The proposed approach combined transformer-
based semantic embeddings with heuristic clinical strategies to model conversational context and
psychological indicators. Experimental results obtained in the official competition demonstrated stable
performance across multiple evaluation rounds, particularly for automatic estimation of PHQ-9, GAD-7,
and CompACT-10 scales. Furthermore, the response selection task showed that integrating semantic
similarity with therapeutic heuristics can support context-aware conversational decision-making.
Although the obtained performance indicates remaining challenges in modeling complex therapeutic
interactions, the proposed framework demonstrates the potential of NLP-based methods for supporting
mental health assessment and conversational psychotherapy systems.

Due to the lightweight nature of the proposed framework, the heuristic component relied on manually
defined conversational criteria rather than learned therapeutic strategies. Future work will explore
more advanced contextual and dialogue-based models to improve both psychometric prediction and
therapeutic response selection.

Declaration on Generative AI

The authors declare that no generative AI tools were used in the preparation of this manuscript.
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