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Abstract

Nowadays, people are significantly affected by mental illnesses such as depression and anxiety disorders. These

conditions can often be treated successfully if appropriate therapy is provided promptly. However, due to a shortage of

mental health professionals, limited resources, economic constraints, and fear of social stigma, many people do not

receive sufficient therapy. As a result, providing effective mental health interventions remains challenging. This study

addresses this gap by designing and developing an Amharic language mental health chatbot to provide supportive

counseling for depression and anxiety. The primary research question is as follows: How can a deep learning-based,

retrieval-focused Amharic chatbot be effectively implemented to support mental health care? To achieve this, the study

employed a design science research methodology, integrating natural language preprocessing with a Bidirectional Long

Short-Term Memory (BiLSTM) network and Word2Vec embeddings to capture semantic relationships. Data were collected

from both documented and non-documented sources, preprocessed, and structured into intents, patterns, and

responses. Experimental results demonstrate that the BiLSTM model achieved 91.25% accuracy in classifying user inputs.

In addition, a preliminary User Acceptance Test  involving mental health experts and volunteers yielded an average

satisfaction score of 86.6%, confirming that the system is user-friendly, provides clear responses, and is practically

applicable in real-world settings. Unlike prior rule-based or English-language chatbots, this work makes a novel

contribution by applying advanced deep learning techniques to a low-resource, morphologically complex language in a

culturally sensitive domain. The findings highlight the potential of natural language processing and deep learning to

deliver scalable, accessible, and stigma-free mental health support in Ethiopia and similar low-resource settings.

Categories: AI/ML-based decision support systems, Deep Learning, Natural Language Processing (NLP)

Keywords: chatbot, deep learning, lstm, bilstm, word2vec, natural language processing, mental health, psychotherapy, depression,

anxiety

Introduction

Mental health disorders affect millions of people worldwide and remain a critical public health concern. Alarmingly, one

person dies every 40 seconds due to suicide [1]. As technology continues to make communication platforms more

accessible, there is a growing need to develop tools that can understand and interact in the languages people use daily

[2]. Depression, a disabling mental disorder, is characterized by feelings of worthlessness, sadness, and loss of interest in
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Natural Language Processing (NLP) is a branch of artificial intelligence that enables computers to understand, interpret,

and generate human language in the form of text or speech [3]. NLP applications include machine translation, speech

recognition, speech synthesis, chatbots, and pattern recognition. A chatbot is an intelligent conversational agent that

simulates human conversation through text, voice commands, or both. It can initiate and maintain a conversation by

interpreting user inputs and generating meaningful responses. The effectiveness of a chatbot depends heavily on the

relevance and accuracy of its responses [4]. Depending on the application, the interaction can be textual or auditory. NLP

techniques enable chatbots to understand user queries and respond appropriately [5].

Traditionally, patients with mental health concerns rely on direct communication with psychiatrists or psychologists to

seek help and treatment [6]. However, patients often face long waiting times due to overloaded health professionals,

limited human resources, and insufficient infrastructure to provide continuous support [4]. The shortage of

psychotherapy experts, high consultation fees with psychiatrists and counseling psychologists, and limited access to

mental health services further exacerbate the challenge [7,8].

To address these issues, this study proposes an innovative Amharic-language chatbot model designed to provide

personalized psychotherapy for patients suffering from mental health conditions such as anxiety and depression. The

proposed chatbot allows users to express their feelings in text, and the chatbot provides supportive therapeutic

responses based on the input. The only requirement for users is to input their feelings or questions related to their mental

health in Amharic through a dialogue box. To develop this chatbot, core NLP techniques such as text normalization,

tokenization, and stop-word removal are employed during preprocessing, alongside word embedding methods and

deep learning techniques like recurrent neural networks with Bidirectional Long Short-Term Memory (BiLSTM)

architectures.

Related works

Nowadays, different research is conducted on the area of chatbots for dissimilar purposes. This section provides a

comprehensive overview of fundamental works on the mental health chatbot offering psychotherapy. Chatbots were

designed either with a rule-based self-learning or a corpus-based approach. In a rule-based chatbot, responses are

generated based on a fixed set of handcrafted "if-then"  rules and keyword matching. For example, if a user's input

contains the word "sad," the rule might trigger a predefined response like "I'm sorry to hear you're feeling sad." These

systems are rigid and cannot handle queries outside their predefined rules. In contrast, self-learning chatbots model use

machine learning algorithms to learn appropriate responses from data, allowing for more flexible and context-aware

interactions. These bots can be of two types: using retrieval-based models and generative-based. For each question in

the Retrieval Based Bot, use a repository of predefined answers and some kind of heuristic to select an appropriate

answer based on the input. The generative model generates better answers than the other three models, based on

current and past user messages [8].

The first chatbot was ELIZA [9], developed by Joseph Weizenbaum to simulate a psychotherapist in clinical treatment.

ELIZA simulated conversation by using pattern matching; on the other hand, it used the input and output rules and

keywords to create the response for the user. If the input keyword matched with its stored keyword-rules repository, the

sentence is mapped (generated response) according to a rule associated with the keyword [10,11]. The main limitation is

that if the user input does not match certain conditions, the system cannot generate a response, and ELIZA cannot

understand the content of its conversations [11].

ALICE was developed by Dr. Wallace based on natural language understanding and pattern matching. The breakthrough

came when NLP was used to solve the question-and-answer task. Before the matching process begins, ALICE applies a

normalization process to each input: it removes all punctuation, splits the input into two or more sentences if

appropriate, and converts the input to uppercase. The Artificial Intelligence Markup Language interpreter then tries to

match word by word to get the longest pattern match, using a simple depth-first search. However, it is implemented

using a rule-based approach, which means it does not truly understand user input [12]; the user's input must match the

dataset pattern exactly.

Srivastava and Singh [11] developed an automated medical chatbot designed to interact with users through natural

language and assist in medical diagnosis. The chatbot was implemented using Artificial Intelligence Markup Language,

where user inputs are processed through predefined patterns and templates to generate appropriate responses. The
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system predicts diseases based on the symptoms provided by users, employing machine learning algorithms such as K-

nearest neighbors, support vector machine, and naive bayes, achieving respective accuracies of 94.6%, 88.6%, and 80%.

Despite these promising results, the system exhibits limitations in comprehending user input beyond the predefined

patterns, indicating that its understanding is constrained to inputs that match the programmed templates.

Another attempt is the implementation of a machine learning-based Bangla healthcare chatbot [12], in a study

conducted for Bangla-speaking users. The main aim of this research is to collect the user's symptoms through

Bangladeshi text and predict the disease based on those symptoms. Cosine similarity and Term Frequency-Inverse

Document Frequency  techniques have been applied to measure the similarity between symptoms stored in the

knowledge base and the user's input. Based on this, the system predicts the disease using a dataset. To achieve this, the

researchers used support vector machine models. However, the system can predict the disease accurately only if the user

provides at least three symptoms; otherwise, the prediction is inaccurate, and the features are extracted using

handcrafted rules.

A chatbot for psychiatric counseling in mental healthcare services was developed based on emotional dialogue analysis

and sentence generation [7]. It provides conversational service for mental health care based on emotion recognition

methods and the chat assistant platform. In this study, researchers used natural language understanding to understand

counseling contents and emotion recognition based on a multi-modal approach from conversation content, intonation,

and facial expression integrated with traditional recurrent neural networks. However, this model lacks the problem of

long-term dependencies. All the above studies were done in English and other languages, but not in Amharic. In

addition, most of those studies are implemented with rule-based approaches, and the rest have feature extraction

limitations. Therefore, this study sets out to answer the following research question: How can a deep learning-based,

retrieval-focused Amharic-language chatbot be effectively implemented to provide supportive counseling for depression

and anxiety? The key contributions of this work are twofold: (1) the development of the first Amharic-language mental

health chatbot using BiLSTM and Word2Vec embeddings, and (2) the design and evaluation of a prototype to

demonstrate usability and practical applicability.

Materials And Methods

The Design Science Research (DSR) approach is a problem-solving paradigm that focuses on the creation and evaluation

of innovative artifacts (like models, methods, such as our chatbot) to address identified problems [13]. DSR is increasingly

recognized in the field of Information Systems for its practical, solution-oriented nature and its structured guidance for

evaluation and iterative development [13,14]. We selected DSR as it provides a rigorous framework for 1) identifying a

significant real-world problem (the lack of accessible mental health support in Amharic), 2) designing and developing a

novel artifact (the BiLSTM-based chatbot) as a solution, 3) demonstrating its utility through implementation and

experimentation, and 4) evaluating its performance and effectiveness through metrics and user testing. This

methodology ensures our research is not only academically sound but also delivers a practical, validated tool.

Data collection

Data collection is a foundational step in building the chatbot. For this study, both primary and secondary data sources

were utilized.

Primary Data

Data was gathered directly from patients through interviews and recorded audio sessions during psychotherapy

consultations. These audio recordings were captured using a mobile device and manually transcribed into Amharic text,

as the chatbot processes only text inputs.

We collected primary data in the form of interviews and audio. Interview data included the meaning of mental disorders

such as depression and anxiety, the symptoms of those disorders, and other related information. One of the challenges

we faced during data collection was patient permission. Some clients did not allow a third person to be recorded in the

therapy session, while others were voluntary after the expert explained why the researcher needed to record their

speech.
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Audio data: The researcher recorded the voice of the expert and patient when the expert provided psychotherapy to their

patients, mostly in the form of dialogue or question-and-answer. We recorded the conversations between the client and

counselor and then converted this data into text. These data were collected from Tsibebe Ghion Specialized Hospital,

Bahir Dar University, and the University of Gondar Specialized Hospital. We did not have well-organized mental disorder

(depression and anxiety) psychotherapy data, so after collecting data from different sources in the form of questions and

answers, these data were structured into tags, patterns, and responses. Our dataset was prepared manually using a

Notepad++ text editor in JSON format. The JSON format was created manually, i.e., handcrafted, because we did not have

well-organized data. The format includes intent, tag, pattern, and response.

Secondary Data

Additional question-and-answer datasets were extracted from books, published papers, and relevant social media

platforms [15,16]. Since many sources were in English, translation into Amharic was required. Those case studies were

written in English, so it was mandatory to translate them into Amharic. Initially, we gathered data from different sources,

which contained a set of messages and their corresponding responses.

The pattern is known as an utterance, which refers to anything the user says or questions asked by the user. For example:

“ድብርት ማለት ምን ማለት ነው?” and “የድብርት ምልክቶች ምን ምን ናቸው?” (English: “what is depression?”, “What are the symptoms

of depression?”). The entire sentence is the utterance. Intent refers to the user’s interaction with a chatbot or the intention

behind each message that the chatbot receives from a particular user (utterance). Therefore, each information tag has its

intent with a unique ID. For example, a user says, “የድብርት ምልክቶች ምን ምን ናቸው?” (What are the symptoms of

depression?”). The user intends to retrieve the tag number corresponding to the sentence “የድብርት ምልክቶች.” The

response includes an answer to the user's question. For example, if the user asks “ድብርት ማለት ምን ማለት ነው?” (English:

“What does depression mean?”), the bot retrieves a response related to the user’s question, such as “የድብርት (ድባቴ) የአንድን

ሰዉ የመስራት ሀይል በመግታት ፣ ተስፋ በማስቆረጥ እንዲሁም እንቅስቃሴን በመግታት የተሻለ ስሜት ለማግኘት የሚያደርገውን ሂደት ያወሳስባል”

(English: “Depression complicates the process of feeling better by inhibiting a person's ability to function, creating

feelings of hopelessness, and inhibiting activity”). For the sake of representative tagging, the researcher applied dialogue

or direct user communication with the psychologist or psychotherapist.

The utterances were prepared based on differential expressions of the same concept to generate multiple expressions for

a single topic. We accepted expressions from different people because we did not have further expressions of topics. By

generalizing them, the researcher generated patterns for the dataset.

The dataset has a minimum of three and a maximum of five utterances for the same content. For additional questions,

the retrieval of content from those patterns is handled by the created model.
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FIGURE 1: Secondary source sample data

Figure 1 shows a sample of the secondary data used in our study, presented after being translated from English in a

psychopathology case.

Dataset description 

The dataset used in this study was curated from both primary and secondary sources. The primary data consisted of

audio recordings of psychotherapy sessions in Amharic, transcribed manually into English. Secondary data was collected

from published books, academic papers, and online forums on mental health, initially in the English language. English-

language sources were translated into Amharic by a certified language specialist, who worked independently to reduce

bias. His translations were subsequently cross-checked and validated by a third bilingual expert, a clinical

psychotherapist, to ensure both linguistic accuracy and clinical relevance. The resulting dataset is valuable for this initial

study, but its hand-curated nature and limited size are recognized as limitations that may affect the generalizability of the

interview patterns in real-world contexts.

The final dataset comprises 4,450 utterances labeled into 1,004 intent categories (tags), each associated with multiple

patterns and responses, as shown in Table 1. The data were structured in JSON format, with each entry containing fields

for tag, patterns, and responses.
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Metrics Value

Total number of intents/tags 1,004

Total utterances 4,450

Average utterances per intent 4

Training data shape (X_train) 3,560

Testing data shape (X_test) 890

TABLE 1: Dataset statistics

Table 1 presents key statistics for the dataset, summarizing the total number of utterances, intents, and the distribution of

data for training and testing.

Model design

The proposed system architecture for the Amharic mental health chatbot includes multiple processing phases, starting

from user input to generating an appropriate response. The entire methodology we followed is depicted in Figure 2.

FIGURE 2: Proposed system architecture

Text Cleaning
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All irrelevant symbols, non-Amharic characters (such as English letters), punctuation marks, and whitespace characters

were removed to standardize the dataset. This step is crucial for minimizing noise and inconsistencies.

Related Works

Normalization is a subprocess that converts letters in documents into a same character. This task is also performed during

query analysis and enables the system to be case-insensitive. In Amharic, case sensitivity exists, meaning people may use

different characters for the same purpose. The same word written with different letters but the same sound is considered

a different word by the retrieval system. Normalization ensures uniform representation of Amharic letters that have

similar pronunciations but are written differently, such as ሀ (he), ሐ (hhe), and ኀ (hhhe). For example, both ኀ and ሐ were

normalized to ሀ (he). This enhances consistency during training.

Tokenization

Tokenization is the process of breaking raw text into smaller units, such as individual words or sequences of words,

known as tokens [17]. These tokens are essential for understanding the context of the text and for developing robust NLP

models. The main goal of tokenization is to interpret the meaning of text by analyzing word sequences, thereby making

the content suitable for further processing and analysis [17]. In this study, the word_tokenize method from the NLTK

library was used to segment sentences into individual words or tokens.

Stop Word Removal

Stop word removal is the process of eliminating words that do not add significant meaning to a text corpus. It is well

established that stop words, such as common prepositions, articles, and pronouns, do not contribute meaningfully to the

context or content of text documents. Removing these words helps reduce the dimensionality of the data, making the

text more focused and computationally efficient to process [18]. In this study, an Amharic stop word list provided by

another researcher was used to filter out such words from the dataset.

Feature Extraction (Word Embedding)

After all preprocessing steps, the next phase is text vectorization, also known as word embedding, where each text

pattern is converted into a numerical vector representation. This process enables the model to capture the semantic

similarity between words. For this study, the widely used Word2Vec method was implemented, which is known for

generating distributed vector representations of words and effectively capturing contextual word-to-word relationships

[19,20].

Before feeding the data into the deep learning model, the words must be converted into feature vectors, since raw text

cannot be directly processed by deep learning algorithms. The embedding layer plays a crucial role in this conversion: it

transforms each word into a dense vector representation. Each word is assigned a unique integer index, which the

embedding layer maps into a fixed-dimensional vector space. To build the Word2Vec model, a custom dataset was

prepared and thoroughly preprocessed.

To develop our Word2Vec model, we first trained it with Gensim using our dataset. The Gensim library was used to train

the Word2Vec model. First, the vocabulary was built from the tokenized sentences, and then the model was trained to

generate word embeddings. The resulting vectors represent words in a multidimensional space where semantically

similar words are positioned closer together.

The following parameters were used:

Sentences: The data or tokens that the model is trained on to generate word embeddings. The total number of tokens in

our corpus is 9,090, represented as a list of lists.

Embedding size = 100: Each word is represented by an index, and each index is converted into a 100-dimensional vector.

Window = 15: The maximum distance between the current word and its adjacent words. Words occurring more than 15

positions away are not considered related to the current word.

min_count = 1: The model considers all words that appear in the dataset, even those appearing only once. This was

necessary because our dataset is small.
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Workers = 3: This parameter accelerates training by executing multiple threads simultaneously.

Negative sampling = 10: Used to further optimize training efficiency.

After setting these parameters, the vocabulary was built from a sequence of sentences, and the model was initialized.

This step involved processing all words, filtering unique words, and performing basic frequency counts.

The trained model effectively identifies relationships between words within a sentence by calculating word similarity

based on context and distance, and by representing similar words with comparable vector dimensions. Words that

appear in similar contexts are embedded in close proximity within the vector space, indicating their semantic closeness.

The model calculates word similarity by analyzing the distance between vectors, thereby grouping semantically similar

words together. Our model finds similarity at the sentence level.

Classification model

The dataset was split into 80% training data and 20% testing data. The training data were used to train the model, while

the testing data were used to evaluate its accuracy. The training data were then fed into a BiLSTM network to build the

model. To classify user questions, the neural network takes preprocessed input and processes it through four layers: an

embedding layer, which converts words into dense vector representations; a BiLSTM layer, which is capable of learning

sequential dependencies in both forward and backward directions; a dropout layer, which serves as a regularization

technique to prevent overfitting; and a dense output layer with a softmax activation function for classification.

After training the proposed model on the training dataset, the model was saved. For testing, the saved model was loaded

and evaluated using new inputs. Finally, model performance was assessed using the testing dataset along with the

developed prototype.

Results And Discussion

This section presents the detailed implementation and experimental evaluation of the proposed Amharic mental health

chatbot system. It covers the development environment, dataset sources, and the preprocessing techniques applied to

prepare the data. Furthermore, it explains the word embedding process, dataset-splitting strategy, and the architecture

used to build the deep learning model, particularly the BiLSTM network. It also outlines the integration of the trained

model into a functional prototype and provides a comprehensive analysis of the experimental results, including model

performance metrics and user acceptance testing (UAT). All aspects are discussed with the necessary scientific rigor to

validate the effectiveness and practicality of the proposed system.

Experimental setup

To evaluate the performance of the proposed Amharic mental health chatbot, we conducted experiments using the

following environment:

· Hardware: Intel Core i7 @ 2.80GHz, 16 GB RAM, NVIDIA GeForce MX450 GPU

· Operating System: Windows 10 (64-bit)

· Programming Language: Python 3.9

· Development Tools: Jupyter Notebook, Tkinter for GUI prototype

· Libraries Used: TensorFlow, Keras, NLTK, NumPy, Pandas, Scikit-learn, Word2Vec

Data was collected from both documented sources (books, case records) and non-documented sources (interviews with

psychiatrists and therapists from the University of Gondar and Bahir Dar University). Preprocessing involved character

cleaning, normalization, stop word removal, tokenization, and vector representation using Word2Vec.

The dataset consisted of 3,560 utterances related to depression and anxiety for training, collected from domain experts,

psychotherapy documents, and social media content. After preprocessing - including normalization, tokenization, stop

word removal, and embedding with Word2Vec - the dataset was split into 80% for training and 20% for testing. The
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system was trained for 80 epochs using categorical cross-entropy loss and the Adam optimizer, and it was evaluated

using accuracy and loss metrics.

The core architecture of the proposed chatbot model is based on a BiLSTM neural network, which is well-suited for

capturing contextual information from sequential text data. The model begins with an embedding layer that transforms

input tokens into dense vector representations, preserving semantic relationships between words. This embedding layer

was initialized using Word2Vec and configured with an input vocabulary size of 9,090, an output embedding dimension

of 100, and a maximum sequence length of 100.

Next, a BiLSTM layer with 128 units in each direction processes the input sequences both forward and backward, thereby

enhancing context understanding. To mitigate overfitting during training, a dropout layer with a rate of 0.3 is applied. A

dense hidden layer with 64 units and ReLU activation further refines the learned features. Finally, the output layer is a

Softmax layer with 1,004 units, corresponding to the predefined intent categories. This architecture enables the model to

classify user utterances accurately and generate appropriate psychotherapy-related responses based on the learned

patterns.

FIGURE 3: Accuracy and loss of the proposed model

Figure 3 presents the accuracy and loss curves of the BiLSTM model during training and testing over 80 epochs. The

model achieved a testing accuracy of 91.25%, indicating strong generalization capability.

The learning curves show smooth convergence, with both training and testing losses decreasing steadily across epochs.

The absence of significant overfitting suggests that the applied regularization techniques were effective in promoting

generalization.

The accuracy curves for training and testing demonstrate a steady increase during the early epochs before gradually

plateauing, indicating that the model was learning effectively and reached convergence. The close alignment between

training and testing accuracy throughout the process further confirms that the model generalizes well without

overfitting.
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Similarly, the loss curves reveal a consistent decline in both training and testing loss values, with only a small gap

between them. This stability reflects the robustness of the model. The final testing accuracy of approximately 91.25%

underscores the model’s strong performance in classifying user utterances into the correct intent categories.

Prototype evaluation

To evaluate user satisfaction, a User Acceptance Test was conducted with 15 participants, including mental health experts

and volunteers. The prototype was assessed based on five criteria using a 5-point Likert scale (1 = Poor, 2 = Fair, 3 = Good,

4 = Very Good, 5 = Excellent). Although the number of participants is relatively small and therefore insufficient for

generalization, this limitation was due to the scarcity of available professionals. Despite this, the results, presented in

Table 2, indicate a high level of user satisfaction.

No. Evaluation criteria Poor Fair Good Very good Excellent Average

1 Is the prototype user-

friendly to end-users?

How easy is it to use

and interact with?

    3 6 6 4.2

2 Does the prototype

respond with clear

language?

    1 5 9 4.53

3 Does the prototype

have a better

response?

  1 2 6 6 4.13

4 Does the prototype

have a better

response  time?

    3 5 7 4.26

5 How do you explain

the importance of

this  prototype?

      7 8 4.53

Average

performance

            4.33

TABLE 2: User acceptance test results

Table 1 shows that the average UAT score is 4.33 out of 5. This corresponds to an overall acceptance rating of 86.6%,

indicating that the system is highly usable and effective in providing psychotherapy support. Based on these results, the

researchers conclude that the average performance across each criterion contributes positively to the overall evaluation

of the prototype.
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FIGURE 4: Chat interaction between the user and the chatbot prototype

Figure 4 illustrates a sample chat interaction between a user and the developed Amharic mental health chatbot

prototype. The interface enables users to input their concerns in Amharic - particularly related to depression and anxiety -

and receive automated, contextually appropriate responses.

The chatbot model was evaluated through a series of experiments designed to assess its effectiveness in classifying user

inputs and generating relevant counseling responses. The BiLSTM model achieved a final testing accuracy of 91.25%,

confirming its strong capability in understanding user intent in a low-resource language setting.

Compared with traditional rule-based systems such as ELIZA [9] and ALICE [12,13], the proposed model offers distinct

advantages. ELIZA relied on shallow parsing and keyword substitution, while ALICE employed Artificial Intelligence

Markup Language to match inputs with predefined responses. Both approaches lacked flexibility and adaptability,

making them unsuitable for emotionally sensitive contexts such as psychotherapy. By contrast, the BiLSTM architecture

captures long-range dependencies in sequential data [21-23], which is particularly beneficial for Amharic due to its rich

morphology and complex syntactic structures.

The integration of Word2Vec embeddings further enhanced performance by enabling the model to recognize semantic

relationships between words [19-22]. Unlike one-hot encoding or Term Frequency-Inverse Document Frequency,

Word2Vec preserves contextual meaning, allowing the system to generate appropriate responses even when users
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phrase their concerns differently. This semantic sensitivity is critical in mental health, where emotional expression can

vary widely.

The system also outperformed several existing deep learning chatbot studies focused on English datasets. For instance,

models developed by Patel et al. [24] and Sharma et al. [2] combined NLP with traditional classifiers but lacked deep

contextual understanding and were not adapted to non-English languages. Moreover, many prior studies overlooked

psychotherapy-specific intent categories. In contrast, the dataset in this study was constructed and labeled with the

guidance of Ethiopian mental health professionals, ensuring greater domain relevance.

UAT  further validated the system’s practical utility. With an overall acceptance rate of 86.6%, participants - including

psychologists and end users - rated the chatbot highly in terms of user-friendliness, response time, clarity, and usability.

These findings suggest strong real-world potential to reduce the burden on mental health professionals by providing

immediate, private, and accessible psychological support. The text-based format also helps mitigate cultural stigma

around seeking therapy in Ethiopia, as users can engage with the system anonymously.

From an architectural perspective, the BiLSTM offered clear improvements over unidirectional LSTMs. While standard

LSTMs process input sequences in a single direction, BiLSTMs analyze both forward and backward contexts, yielding

deeper comprehension of user queries. This makes the model especially suitable for Amharic, where critical syntactic and

semantic cues may appear at different points within a sentence.

Despite these promising results, several limitations remain. The dataset, though domain-specific, is relatively small and

manually labeled. Expanding it with more diverse and real-world conversational data could further enhance robustness.

Additionally, the current prototype supports only text-based interactions and does not include features such as voice

input, text-to-speech, or session memory. Future work should explore the integration of speech recognition, dialogue

history management, and multilingual support to accommodate users who alternate between Amharic and English.

In conclusion, the proposed BiLSTM-based Amharic chatbot demonstrates that deep learning, combined with linguistic

processing and expert input, can significantly advance mental health support in low-resource language settings. The

results validate both the technical robustness and social impact of the system, highlighting its potential to provide

scalable, stigma-free psychological assistance in Ethiopia.

Conclusions

Mental illness, particularly depression and anxiety, significantly affects many individuals, and due to the pressures of daily

life, no one is entirely free from its impact. In Ethiopia, mental health care primarily depends on human professionals, but

access to effective therapy is limited by a shortage of professionals, limited resources, economic constraints, fear of social

stigma, and misconceptions about mental disorders. To address these barriers, we developed a retrieval-based Amharic-

language chatbot using NLP and a BiLSTM architecture, aimed at providing accessible, stigma-free psychological support.

The model was trained on 4,450 manually prepared entries, created with input from mental health professionals to

ensure clinical relevance. Preprocessing steps included normalization, tokenization, stop-word removal, and Word2Vec

embeddings. The BiLSTM model achieved 91.25% accuracy and was positively evaluated in UAT, with 86.6% satisfaction

reported by experts and volunteers, demonstrating its usability and real-world potential.

This research makes a novel contribution by demonstrating how deep learning can be adapted to Amharic, a

morphologically rich but low-resource language with scarce digital mental health datasets. Unlike prior English-language

or rule-based systems like ELIZA and ALICE, this work introduces an advanced deep learning-based approach to a

linguistically complex and culturally sensitive context, addressing both technical and societal gaps in the literature.

However, the study is limited by the relatively small training dataset and the use of a retrieval-based model, meaning it

can only respond to queries represented in the training dataset and may struggle with unanticipated user inputs. Future

work could address these limitations by expanding the dataset, incorporating generative models for more flexible and

context-aware responses, and supporting multi-turn dialogues for a more natural conversational experience. Integrating

voice-based interactions would enhance accessibility, and extending the system to other Ethiopian languages such as

Tigrigna, Afan Oromo, and Sidama would promote broader inclusivity and impact. Together, these advancements would

make the chatbot a more robust, interactive, and widely useful tool for mental health support in Ethiopia.
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FIGURE 5: User acceptance sample test result
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