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Abstract. As unmet mental health needs continue to rise, challenges
in accessing and navigating resources and services remain a significant
barrier to finding effective care. To address this challenge, MIRA, an AI-
driven mental health virtual assistant, was developed [1], along with the
MIRA library—a curated database of vetted mental health resources.
This paper details the methods for designing an intelligent resource re-
trieval system that processes queries from a chatbot to identify rele-
vant resources from our library. The proposed method combines term
frequency and sentence embeddings to create vector representations of
queries to perform similarity search for resource ranking. In addition, we
incorporate query relaxation to leverage ontology-based hierarchical rela-
tionships. This ensures broader, yet contextually relevant search results.
The proposed retrieval method outperforms traditional keyword-based
and BERT-based methods in precision, as shown through our evaluation.
The design and implementation of the ranking algorithm are detailed,
including the construction of a knowledge graph and the integration of
TF-IDF (Term Frequency-Inverse Document Frequency) based scoring.
MIRA leverages the proposed retrieval method to rank resources effec-
tively, recognizing user needs and connecting them to the most relevant
support. By doing so, MIRA aims to bridge the gaps in traditional mental
health care and improve accessibility.

Keywords: Retrieval · Ontology · Semantic Search.

1 Introduction

The need for mental health support continues to rise in Canada, with resource
navigation being a significant barrier to accessing support [5]. The complex and
fragmented mental health landscape presents significant challenges in connecting
individuals to mental health resources through traditional methods. In a survey
conducted by the Canadian Institute for Health Information (CIHI) in 2022,
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86% of children and youth reported feeling overwhelmed, uncomfortable, or not
knowing how to navigate the system as the primary barrier to seeking mental
health support [5]. Even when individuals seek help, extended wait times make
timely access to a professional difficult. Furthermore, among those who secure
care, only 43% of Canadians reported receiving support from a professional in
navigating mental health and substance use services in a survey conducted in
2025 [4].

This highlights a persistent gap in accessibility despite increased efforts. The
adoption of virtual mental health care has shown promise, with 11% of Cana-
dians reporting use of these services in 2022, higher than the Commonwealth
Fund average of 7% [6]. However, virtual mental health care remains costly. For
instance, 57% of young adults aged 18-24 cited cost as a major barrier to ac-
cessing private mental health services [5]. These findings underscore the ongoing
need for innovative and affordable solutions to improve mental health resource
navigation and accessibility across Canada.

While accessibility remains a challenge, chatbots can be a great solution for
more effective resource navigation by providing instant, round-the-clock support.
MIRA, an AI-driven mental health virtual assistant, was launched to revolution-
ize mental health resource navigation [2]. Originally developed for healthcare
workers, MIRA has since been improved and expanded to serve a wider audi-
ence, including the general public, children and youth, French-speaking Canadi-
ans, veterans, and Indigenous communities [7].

MIRA does not attempt to provide a diagnosis or identify specific problems
or conditions. Neither does it claim to suggest treatments to cure an ailment or
reduce the effect of a disorder. Its only aim is to become aware of the informa-
tion needs of an interlocutor and provide the relevant and trusted resources for
the identified mental health topic, assisting the interlocutor in navigating the
complex and disparate compilations of mental health material.

This paper focuses on the chatbot’s core functionality: to search and retrieve
the most relevant resources from an extensive database curated by experts. We
use a semantic-based search to interpret the underlying context of user queries. A
key component of our system is the knowledge graph, which structures domain-
specific information into a formal ontology and allows us to map the intricate
relationship of mental health entities. The knowledge graph was handcrafted by
experts in psychiatry. The constructed ontology structure is used by the search
algorithm to identify hierarchical and lateral associations within the domain.
This ontology-driven search expands queries to retrieve resources that may differ
lexically but remain semantically aligned to the user’s queries. As a result, MIRA
offers a more context-aware search experience for resource navigation.

2 Background

Information Retrieval (IR) is a key component in navigating large knowledge
bases. While numerous algorithms have been developed to efficiently search and
retrieve relevant information from large datasets, many of them are complex.
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Traditional retrieval techniques can be categorized into term-based or semantic-
based approaches [9]. The foundation of information retrieval has traditionally
relied on simple algorithms such as ElasticSearch, edit distance, and keyword
matching [8]. These techniques have been widely adopted across various appli-
cations, from library catalogues to web search engines, enabling efficient retrieval
of relevant information.

A widely used IR technique is the Vector Space Model (VSM), which repre-
sents documents and queries as vectors in a multi-dimensional space [10]. Within
this framework, TF-IDF weighting and cosine similarity have been effective tools
to measure the relevance of documents to a given query [11]. Incorporating po-
sitional information such as term proximity and dependencies refined retrieval
further [12, 13]. With the advent of deep learning, solutions that pre-trained
on query and document embeddings gained popularity [14, 15]. Deep learning
methods were broadly interaction-based [14] or representation-based models [15].
Interaction-based models, such as cross-attention models in neural retrieval, re-
quire both the document and query to be present simultaneously to compute
relevance [14], unlike representation-based models, which encode documents in-
dependently and store them in an index for fast retrieval [15]. Interaction-based
models perform computations dynamically for each new query, making them
computationally expensive since each query requires complete pairwise compar-
isons with documents rather than leveraging precomputed representations [16].

Recent advancements in IR have seen the integration of knowledge graphs
to enhance query understanding and relaxation [17]. Query relaxation is when
requirements for a document to match the query are eased by removing or al-
tering terms or tags. Knowledge graphs provide a structured representation of
domain knowledge, enabling more sophisticated query processing [19]. Query re-
laxation techniques, such as those based on ontologies, allow for the expansion
or modification of queries to improve recall while maintaining precision [18].

In the context of mental health resource navigation, the construction of
domain-specific knowledge graphs has shown promise [23]. This process often
involves mapping resources to hierarchical ontologies and collaborating with do-
main experts for manual curation. Such approaches can significantly improve the
accuracy and relevance of search results in specialized fields [24].

State-of-the-art IR approaches increasingly leverage generative artificial in-
telligence (AI). Advanced chatbots such as ChatGPT [20], DeepSeek [21], and
Perplexity [22] have become widely popular for their ability to have human-
like conversations. These chatbots are Large Language Models (LLMs) that
employ deep learning techniques, transformer architectures, natural language
understanding (NLU), and contextual awareness to generate more accurate and
relevant responses in real time. The use of deep learning-based retrieval models
is not practical for our use case, given their requirement for large datasets for
adequate performance, as well as their high computational cost and latency.
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2.1 MIRA Resource Library

When a user interacts with MIRA, the resources recommended to users through
the search mechanism are sourced from the MIRA Resource Library — a com-
prehensive database of over 1,500 resources catalogued by volunteers from the
Mood Disorders Society of Canada (MDSC). The resources undergo a rigorous
vetting process by a team of subject matter experts to ensure their quality and
reliability. This evaluation is based on a hybrid assessment tool developed from
validated instruments [2]. The review process, as outlined in Fig 1 mirrors aca-
demic peer review standards, with each resource being assessed by at least two
reviewers [2]. If consensus is not reached, a third reviewer is consulted to make
the final decision.

Fig. 1. This figure illustrates the resource gathering and review process. Research as-
sociates and volunteers categorize resources using appropriate tags, which are then
reviewed by experts.

In addition to vetting the resources to be added to the MIRA library, subject
matter experts also assign tags to each document from a set of predefined tags.
These are later used by the retrieval system to improve the relevance of the
search.

3 Methods

Our retrieval system combines keyword search, edit distance search, and sen-
tence transformer embedding similarity search to identify relevant resources.
Once matching keywords are found, the system retrieves all associated resources
and ranks them accordingly. For instance, if a user tells the chatbot, “I am
looking for grief counselling resources in Vancouver”, as user input, key entities
like location and mental health concern are identified and extracted, such as
“Vancouver” and “Grief Counseling”. The Dual Intent and Entity Transformer
(DIET) architecture is used to capture the intent and entity from the user si-
multaneously [3]. The captured entities are then sent to the search engine within
the MIRA resource library as a query. A basic keyword search in resource ti-
tles or descriptions would not suffice, therefore a semantic search engine that
leverages an ontology of key mental health entities is employed to enhance query
interpretation and resource retrieval.
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3.1 Knowledge Graphs

To incorporate semantic understanding, the ontology is extended to include men-
tal health entities and concepts, enabling the system to interpret hierarchical
relationships and perform query relaxation to retrieve similar documents if an
exact match is unavailable. Another advantage of this semantic search engine
is its ability to recognize synonymous terms. For example, consider the phrases
“substance abuse recovery” and “addiction rehabilitation”, which could both refer
to strategies or treatments to overcome addiction, even though the terminology
differs. Semantic search should recognize that the two phrases are linked in a
mental health context. This process requires in-depth domain knowledge and
expertise to effectively construct knowledge graphs and define relationships be-
tween entities. Understanding the nuances of specific fields, such as mental health
or addiction recovery, is essential for accurately identifying how different terms,
concepts, and treatments are interrelated. Therefore, we rely on the expertise of
a multidisciplinary team of subject matter experts, including individuals with
lived experience, Indigenous community members, clinicians, and psychiatrists,
to construct these knowledge graphs.

We construct a domain-specific knowledge graph that organizes mental health
topics into hierarchical categories, as depicted in Fig 2. The MIRA Resource Li-
brary is organized into seven categories of predefined tags, along with numerous
additional tags that can be assigned to each resource during the submission pro-
cess. Each tag in the database is mapped to an ontology entity, and parent-child
relationships are established to enable query relaxation. For example, the tag
“Cognitive Behavioral Therapy (CBT)” refers to a specific type of therapy, which
falls under the broader category of “Psychological Treatment” in the ontology.
This process requires input from experts to ensure that resource categorization
aligns with real-world mental health concerns.

Fig. 2. This figure presents a simplified version of the MIRA ontology, showing the
main superclasses and their child categories to provide an overview of its hierarchical
structure.
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3.2 Search Algorithm

The high-level architecture of the search mechanism and the algorithm for MIRA
are illustrated in Fig. 3 and Algorithm 1, respectively. The architecture diagram
in Fig. 3 outlines the key components and their interactions within the system,
providing an overview of the search process.

Fig. 3. Architecture of the MIRA search mechanism

The algorithm below presents a step-by-step breakdown of the MIRA search
mechanism, detailing how data is processed to deliver accurate results. To in-
crease the precision of our ranking algorithm, we transform the resources in
our database into a multidimensional vector representation. This representation
takes the form of a seven-dimensional vector, with each dimension corresponding
to one of our predefined tag categories. Each vector component quantifies the
resource’s relevance with the specific categories.

We also transform the user queries into a similar representation. Through
this approach, we aim to perform a more granular and context-aware comparison
between resources and queries. Resources are ranked based on the inner product
between their vector representation and the query vector. The similarity score
for a resource within a tag category is determined using the following rules:

1. The similarity between a resource and a tag (ontology entity) is computed
using a TF-IDF model trained on resource text data.

2. We identify hierarchical relationships between tags by computing the simi-
larity between a tag and its parent entity is assigned a fixed hyperparameter,
to ensure that parent-tagged resources receive slightly lower scores than di-
rectly matching ones.
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Algorithm 1 MIRA Ranking Function Algorithm
1: Input:
2: query_vector
3: library_resources - Set of resources from MIRA library with associated tags.
4: knowledge_graph - Ontology of predefined tags and hierarchical relationships.
5: Initialize:
6: Map query keywords to tags mapped_tags.
7: Retrieve parent tags for mapped_tags from the MIRA knowledge graph into

query_relaxation_tags.
8: Identify “mental health” tags in mapped_tags as VIP_tags.
9: Resource Retrieval: Retrieve resources from library_resources with associa-

tions to mapped_tags, query_relaxation_tags, and VIP_tags.
10: Scoring:
11: for each resource r in Resources do
12: Compute TF-IDF for mapped_tags and query_relaxation_tags.
13: Store TF-IDF scores in a 7-dimensional embedding.
14: Adjust resource scores based on predefined ranking rules.
15: end for
16: Final Ranking:
17: Compute the query embedding from query_vector.
18: Calculate dot product similarity with each resource.
19: Sort by similarity.
20: return sorted list of resources.

3. Tags defined as synonyms in the ontology have a similarity score of 1.0, in
order to treat the two as exact matches.

4. Resources from preferred organizations receive a small additional score to
slightly boost their ranking while maintaining overall fairness.

To improve recall, we implement query relaxation based on ontology relation-
ships. When an exact match for a query tag is unavailable, we retrieve resources
linked to parent entities, applying a weighted relevance decay factor λ, typically
set to 0.85, to lower their ranking compared to direct matches.

4 Results and Discussion

We employ two additional methods to transform both resources and queries into
vector representations, evaluating their effectiveness using cosine similarity. This
allows us to compare the performance between our model, TF-IDF and a Bidirec-
tional Encoder Representations from Transformers (BERT) model. BERT-base
is a 12-layer pre-trained language model that generates embeddings that capture
the contextual meaning of words [25]. The TF-IDF and BERT-based retrieval
methods encode queries and resources into vectors, measuring similarity with
cosine distance.

To assess accuracy, we constructed 50 test cases, each containing an input
query and three highly relevant resources identified by domain experts as the
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ground truth. A test is considered successful if at least one target resource ap-
pears in the top five ranked results. Fig. 4 presents our evaluation findings. The
BERT-based model struggled to differentiate between similar resources accu-
rately, while TF-IDF, being highly sensitive to exact keywords, performed the
worst overall but had the fastest runtime. Given the limitations in computa-
tional efficiency and processing speed of purely deep learning models like BERT,
we chose to combine different approaches for more balanced performance. The
trade-off between using embeddings from advanced models like BERT, which
offer strong language understanding capabilities, and the processing latency in
computing these embeddings becomes especially significant in real-time applica-
tions. We explored integrating both TF-IDF and BERT, utilizing BERT selec-
tively when TF-IDF is insufficient. This hybrid approach allows us to improve
accuracy, maintain lower compute times and reduce overall latency compared to
a fully BERT-based model.
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Fig. 4. Performance comparison of three search methods (TF-IDF, BERT, and MIRA
Ranking) based on hit rate and response time. The stacked bar chart represents the
hit rate (blue) and miss rate (grey) for each method. The response time is plotted on a
logarithmic scale, with red markers representing the average response time (in seconds)
and error bars indicating the standard deviation. MIRA Ranking achieves the highest
hit rate (82%) with a moderate response time, while BERT has a higher hit rate than
TF-IDF but a significantly longer response time.

5 Conclusion

Our ranking function improves resource navigation for mental health resources
by integrating semantic search, domain-specific knowledge graphs, and query
relaxation mechanisms. We use a vector embedding-based approach to capture
query-resource relationships, to retrieve contextually aware results aligned to the
user’s needs.
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A key advantage of our approach is its ability to interpret user queries
more contextually, ensuring that resources are retrieved based on semantic rele-
vance rather than just keyword matching. The incorporation of ontology-driven
query relaxation further refines search results by broadening queries when ex-
act matches are unavailable, thereby enhancing accessibility to critical mental
health resources. While our search mechanism improves resource retrieval, our
approach is limited in handling ambiguous or intricate queries and may not fully
address the broad spectrum of user needs in mental health. Another challenge
arises when the desired resource is missing in our curated library, as query re-
laxation may return seemingly irrelevant results, especially if the user is not
informed about the query relaxation process. Additionally, with an increasing
volume of resources, maintaining effective query relaxation and ranking becomes
increasingly difficult.

For future directions, we aim to refine our system by incorporating human-
annotated metadata tags to further enhance ranking accuracy and contextual
understanding by building an LLM agent. We plan to fine-tune the agent on our
curated domain-specific data using the retrieval-augmented generation (RAG)
approach. This system would facilitate guided conversations with users, dynam-
ically interpret their needs, answer queries with grounded knowledge from the
curated database, and provide highly precise resource recommendations. By im-
proving MIRA’s conversational capability and retrieval accuracy, we plan to cre-
ate a more intelligent, user-centric mental health support system that reduces
barriers to care and improves accessibility for diverse populations.
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