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ABSTRACT

As Artificial Intelligence (AI) advances, conversational agents are increasingly used across sectors,
including humanitarian response. However, current systems and datasets mainly support high-resource
languages and open-domain tasks, resulting in significant limitations in addressing low-resource, domain-
specific needs. This study addresses this gap by focusing on a Congolese Swahili corpus collected from
Short Message Service (SMS) messages and call-center humanitarian questions to develop an effective
conversational agent for low-resource languages that supports communication during humanitarian crises.
The goal of this research is to develop an effective Task-Oriented Dialogue System (ToDS) to assist
displaced persons seeking humanitarian information in Congolese Swahili. We built a pipeline-based ToDS
that converts natural language into SPARQL by utilizing a trained Named Entity Recognition (NER)
model and a Dual Intent and Entity Transformer (DIET) classifier. This ToDS includes a humanitarian-
specific ontology and dynamically queries a local triple store with data derived from the Humanitarian
Data Exchange (HDX). The preliminary results indicate high accuracy in entity recognition and intent
classification, which enables precise and timely information responses. The agent effectively provides
context-relevant answers to humanitarian questions in crisis interactions. The findings demonstrate that
applying Natural Language Understanding (NLU) methods in a low-resource, crisis-based context is viable
and impactful. This ToDS offers a scalable solution for improving information accessibility in
humanitarian emergencies and during forced internal displacements.

Keywords-conversational Artificial Intelligence (Al); Task-Oriented Dialogue System (ToDS); natural
language query formalization; SPARQL; resource data framework; ontology; low-resource languages;
humanitarian crisis scenarios

I.  INTRODUCTION

Task-Oriented Dialogue Systems (ToDS) are Natural
Language Processing (NLP) applications or agents that users
interact with to obtain specialized responses. ToDS start by
determining the user's goal, termed intent, together with
correlated arguments called slots, before processing the request
effectively. Task-oriented dialogue structures are intended to

enable users to perform a particular task, such as hotel, taxi,
and restaurant reservations; information provision; and
customer support, among others, whereas non-task-based
dialogue frameworks are designed to offer reasonable answers
to users, entertain users, and have open domains that are not
particularly limited in scope.

The progression of deep neural networks, mainly the
practical usage of large pre-trained models, has further driven
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significant development in ToDS research in recent years [1].
The main tasks in a ToDS are intent recognition and slot filling,
which can be carried out separately [2] or jointly [3] as a
unified task. This architecture, typified by the system division
into different modules performing distinct functions, is a
modular architecture, in contrast to the end-to-end method that
uses a neural network for all tasks [4]. Therefore, this makes
them highly data-intensive because they simulate numerous
tasks using training data. The pipeline of a ToDS comprises
four modules: a Natural Language Understanding (NLU)
module that extracts the intent and key user slots [5]; a
Dialogue State Tracker (DST) that tracks the user's belief state
based on dialogue history [6]; a Dialogue Policy Learning
(DPL/POL) module that determines the next course of action
[7], and a Natural Language Generation (NLG) module that
generates dialogue system answers [8]. Even though earlier
pipeline ToDS approaches for high-resource languages
produced impressive results, they still had significant flaws,
including a lack of knowledge shared across all modules and
errors carried over from one module to the next [9]. Some
works have proposed end-to-end frameworks to address these
problems [10-12].

According to the authors in [13, 14], recent years have seen
tremendous achievements in End-to-End Task-Oriented
Dialogue (EToD), whose approaches can be divided into two
categories based on whether intermediate supervision is
necessary and whether knowledge-based retrieval is
differentiable: (1) modular EToD, which preserves some
degree of modularity while sharing parameters; and (2) fully
EToD, which employs a single model for the dialogue process.
These end-to-end frameworks facilitate discourse beyond
domain-specific corpora and increase the expressiveness of the
state space. Due to the advantages these systems offer users
and businesses, a growing range of application domains and
personal services are now being designed to incorporate system
support. One key application is in the humanitarian sector,
where ToDS can support the assessment of risks and
uncertainties related to resilience and previously unidentified
humanitarian actions. This, in turn, can enhance the
coordination and delivery of humanitarian aid.

Despite the dialogue systems' popularity, most of the
development has only been performed on a small cluster of
languages, such as French, English, and Chinese, referred to as
"resource-rich." Most of the approximately 7,000 remaining
languages [15], mainly African ones, are categorized as "low-
resource”, facing challenges of having adequate corpora and
NLP tools [16]. As a result, they fall behind in most deep
learning-powered dialogue systems, which achieve state-of-
the-art results in high-resource languages but straggle to
reproduce similar performance in African languages. It remains
uncertain how this method applies to ToDS for low-resource
languages.

For example, using machine translation, low-resource
languages can capitalize on existing intent response datasets to
project annotation onto the low-resource language [17].
However, not all low-resource languages have access to
cutting-edge machine translation software, such as Congolese
Swahili. In this line of work, few researchers have studied and

developed initial ToDS for sub-Saharan African languages in
the humanitarian landscape. Authors in [18] implemented and
collected proprietary ToDS resources for Congolese languages,
including Congolese Swahili and Lingala, to respond to
questions related to COVID-19 and Ebola. Other languages,
such as Hausa and Kanuri, have witnessed the creation of
linguistic resources for ToDS applications through the same
initiative. Authors in [19] developed and collected a proprietary
ToDS dataset for a chatbot in Congolese Swahili that helps
women access legal information to assert their rights. The
majority of other ToDS resources were created with the Eastern
African Swahili (Swahili sanifu) dialect. Authors in [20]
developed a ToDS that interacts with members of a commercial
entity and gives voice replies in Kiswahili (Kenyan) via Short
Message Service (SMS) messages and WhatsApp. Through
this system, members can interact with the bot for various
functions, including checking their balance, requesting loans,
and receiving transaction statements. Authors in [21, 22]
developed an offline ToDS in collaboration with rural
smallholder women farmers as an alternative source for
agricultural information.

Findings from Swahili-related literature indicate that
accessing ToDS datasets is difficult because they are not
publicly available, and the methods used to create them are not
shared. This slows down progress in research on ToDS for
humanitarian purposes. Most of the related work utilizes the
traditional pipeline architecture due to limited resources
regarding dataset availability for intent detection, slot filling,
and response generation.

Table I highlights sub-Saharan ToDS initiatives [23-28].
However, these works have significant limitations. They still
fall short of real human interaction scenarios in solving social
problems because their current datasets and knowledge bases
are still in their infancy, creating a major constraint for chatbot
development. Additionally, most existing studies have not
evaluated their methods using EToD approaches. Hence, real-
world cases need to be applied directly, and both traditional
pipeline and modular end-to-end frameworks in low-resource
African languages need to be evaluated.

Currently, mobile phones are viewed as a steadfast friend to
users. The extensive usage of mobile phones, mainly for SMS
communication, has become a critical element of contemporary
life. SMS services are a significant contributor to the Gross
National Income (GNI) of developing nations [29]. Millions of
people use this resource daily due to its convenience,
accessibility, rapid delivery, and affordable cost compared to
phone calls. Humanitarian crisis management organizations use
SMSs and calls to interact with affected communities [30].
Using these communication tools, vulnerable or affected
communities can ask the appropriate organization for precise
guidance regarding their uncertainties. Thus, the data collected
by these humanitarian organizations can serve as a training
dataset for ToDS or conversational Artificial Intelligence (AI)
agents.

To this end, SMSs and calls from affected persons can be
used as data for training ToDS. This inspiration comes from the
fact that user-provided questions in a conversation are typically
relatively brief, much like SMSs. As a result, the dialogue
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system must first ascertain the intent of the question. However,
the query's information might be incomplete or implied. If the
dialogue system does not have the knowledge or context
required to respond to the question, several rounds of dialogue
might be needed to resolve these problems and validate the
user's intentions. In this line of work, for sub-Saharan Africa,
authors in [31, 32] integrated SMS-based data gathering to
crowdsource crisis data during emergencies. Through SMS,

users could report incidents, which the systems combined and
displayed for emergency responders on maps. Author in [33]
explained the role of digital humanitarianism by emphasizing
how participatory methods centered on SMS data have changed
crisis mapping in developing nations. However, this research
concentrated mainly on crisis mapping and did not tackle
conversational agent development. Therefore, our task is to
demonstrate emergency communication capabilities.

TABLE L SUMMARY OF TASK-ORIENTED DIALOGUE SYSTEMS FOR SUB-SAHARAN AFRICAN LANGUAGES
Ref. Language Domain Platform Data access ToDS type | Evaluation
[18] Congoﬁi}issa\?/?(h;:;l’lﬁmgala’ Covid-19, Ebola Telegram, SMS Proprietary Pipeline N/A
[19] Congolese Swahili Legal information Mobile Proprietary Pipeline N/A
[20] Kiswahili (Kenyan) Finance SMS, WhatsApp Proprietary ND N/A
[21, 22] Kiswabhili (Tanzanian) Agriculture Mobile Proprietary ND N/A
[23] Kiswahili (Kenyan) Climate / weather Mobile Synthetic / proprietary ND N/A
[7] Wolof Multi-domain CLI Proprietary Pipeline Limited
[24] Swahili Mental health Mobile Proprietary ND N/A
[25] Kinyarwanda Covid-19 Mobile, USSD Proprietary ND Limited
[26, 27] Multiple African Healthcare Mobile, chat Proprietary ND N/A
[28] Swahili, others Crisis response Web, mobile Proprietary ND N/A

a. ND: Not Disclosed; Proprietary: Dataset not publicly accessible; Synthetic: Created through machine translation; N/A: Not Available; Limited: Minimal evaluation details.

This paper addresses two key challenges: the lack of
human-annotated datasets and the limited evaluation of
conversational Al for the Congolese Swahili language in a
humanitarian crisis. We created a large ToDS dataset focused
on Congolese Swahili humanitarian emergencies. Congolese
Swahili is widely spoken in the Democratic Republic of Congo
(DRCO). Our dataset targets the emergency response domain and
supports tasks such as intent classification and slot filling [34].
We provide several baseline models using a traditional pipeline
task-oriented framework and a modular end-to-end framework.
Furthermore, we analyze different options for full fine-tuning
of ToDS that are suitable for zero-shot and few-shot learning
(e.g., five examples per label), including cross-lingual
parameter-efficient fine-tuning [35]. Our contributions are the
following:

1. We assemble a novel dataset: the first open-source
ToDS dataset for Swahili-speaking Congolese in
humanitarian crises, supporting intent classification,
NLG, and slot filling.

2. We provide an extensive baseline for the dataset:
Starting with the traditional pipeline ToDS, we perform
a comparative study against modular end-to-end task-
oriented dialogue strategies and various alternatives to
full fine-tuning. To the best of our knowledge, this is the
first attempt to establish baselines and evaluate
Congolese Swahili in ToDS.

II. DATA

A. Congolese Swahili

Belonging to the Bantu branch of the Niger-Congo
language family, Congolese Swahili is a regional dialect of
Kiswahili, primarily spoken in the eastern regions of the DRC.
It is also spoken in the border regions of neighboring countries

b. USSD: Unstructured Supplementary Service Data.

c. CLI Console Line Interface.

such as Uganda, Rwanda, and Burundi. While it is mutually
intelligible with standard Swahili (Kiswahili), Congolese
Swahili differs in vocabulary, pronunciation, and syntax due to
influences from French (the DRC's official language) and
various local Bantu languages.

Congolese Swahili is a non-tonal agglutinative language
written in the Latin script, following the conventions of
standard Swahili to some extent [36]. However, as with many
African languages, it is perceived as a low-resource language in
the NLP context, particularly compared to high-resource
languages such as English, Mandarin Chinese, or French.
While Kiswahili has a relatively strong presence in East Africa
and a growing body of digital resources, Congolese Swahili
remains under-resourced, especially in its localized form.
Although not rigidly defined, the term "low-resource language"
has been interpreted by authors in [37] to describe languages
lacking standardization, sufficient digital representation,
linguistic resources, or NLP tools.

The linguistic diversity within the DRC makes developing
NLP tools for Congolese Swahili particularly challenging.
Despite its widespread use, the language lacks a fully
standardized form across the country [38]. Although the Latin
alphabet is used consistently, variation in spelling, grammar,
and lexical choices is common. Moreover, code-switching
between French and local languages complicates corpus
development and language modeling.

As described by authors in [36], two distinct writing styles
can be observed in Congolese Swahili:

e A standardized form, aligning with formal Kiswahili
orthography, used in official documents, education, and
some media.

e A vernacular form, which often disregards orthographic
norms and is widespread in informal communication,
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especially on social media, in text messages, and in
everyday speech.

In this work, we focus on the standardized Latin-script form
of Congolese Swahili due to its closer alignment with existing
Swahili corpora and its suitability for NLP tasks.

B. Dataset

We collected a humanitarian domain-specific ToDS dataset
in Congolese Swahili from the POLE FM radio call center, the
SAUTI YA ENGILI radio call center, and a local Non-
Governmental Organization (NGO) call center, Benevolencija.

We leveraged two community radio stations and one local
NGO that stored users' SMSs and transcribed calls for
emergency notification to higher official agencies. These stored
SMSs and transcribed calls contained valuable information for
creating a conversational agent dataset.

To extract the SMS and call data from the community radio
stations, Excel sheets were used with five columns: name
(radio station or local NGO), phone number (anonymized),
date (message date), type (conversational type — SMS or call),
and body (message content, either SMS or transcribed call).

Consequently, Python libraries such as Beautiful Soup,
Requests, and regular expressions were applied to process the
gathered Excel sheets and compile their content into a specific
unified Excel sheet.

After collecting the corpus, the next step was preprocessing
the gathered data to prepare them in a format suitable for
various NLP applications. We used the following
preprocessing steps:

e The compiled SMSs were converted into plain text, noisy
characters and blank lines were cleaned up, and their
encoding was changed to UTF-8 automatically to ensure
readiness for training the system.

e All words were converted to lowercase to treat uppercase
and lowercase forms as the same word.

e Duplicate questions were removed.

e Unwanted characters and words, including code-switched
French words, were removed.

Moreover, after preprocessing the document, the words
extracted from the questions and inquiries were mapped to their
corresponding intents and entities. Table II shows the compiled
corpus statistics for the Congolese Swahili dataset used in this
study and its distribution in terms of size, intents, vocabulary,
entities, tokens, and examples.

TABLE 1II. STATISTICS OF CONGOLESE SWAHILI NLU
DATASET

Metric Count

Number of unique intents 879

Number of unique entities 53

Number of responses 2,118

Number of questions 2,118
Number of tokens 15,019

Vocabulary size 1,958

Average tokens per question 7.09

Furthermore, the questions and inquiries required adequate
responses. For this purpose, a humanitarian expert manually
annotated all the 2,118 questions by providing humanitarian-
specific responses. Figure 1 includes text samples from the
structured ToDS dataset annotated with intents, entities, and
human-provided responses. Table III presents the manually
translated sample text for Figure 1, showing the Congolese
Swahili dataset alongside its English translation.

Fig. 1.
intent classification and entity annotations.

Sample texts from the Congolese Swahili NLU dataset showing

TABLE III. SAMPLE INTENTS, EXAMPLES, AND RESPONSES FROM THE CONGOLESE SWAHILI DATASET WITH ENGLISH
TRANSLATIONS
Intent Examples Examples Response Response
(Congolese Swabhili) (English translation) (Congolese Swabhili) (English translation)
1. duniya ita badilika siku 1. Will the world change
. - . o o
dunlya_b.adlhka_s1ku_ . moja: . ome day? tunaimani kama dunia haita We believe the world will
moja_swa/ 2. siku moja kuta kuwaka 2. Will there be changes S . .
. - badilika ila wanadamu njo not change, but humans will
world_will_change_one mabadiliko? one day? tabadilik h
_day 3. duniya ina eza badilika 3. Can the world change watabadritka change
siku moya? one day?
1. watu wata pendanaka 1. Will people love each
siku moja? other one day? . . Yes, there will be a day
. ndiyo kuko siku watapenda .
2. watu wata pendanaka 2. Will people love each . o . . when they will love because
mapendo_swa/ love . o juu banaishi pamoja, na ni . .
kama zamani? other like in the past? vema wapendane they live together, and it is
3. mapendo ita rudiyaka 3. Will love return among P good to love one another
kati ya watu? people?
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III. METHODOLOGY

In this section, we describe our experimental pipeline. First,
we outline the data preprocessing steps. Next, we discuss the
hyperparameters used in the experiments. We then present the
experimental design of our ToDS model, followed by an in-
depth discussion. We explain the three models trained on the
dataset to select our baseline models. Afterwards, we
demonstrate how an ontology dataset was utilized to improve
the performance of our best baseline model. We also
investigate Knowledge Base (KB) injection, where a prevalent
formal query language, SPARQL, is utilized to query
humanitarian data stored in Resource Description Framework
(RDF) format, and we explore the final experimental method.
Finally, we describe the evaluation metrics used to assess our
ToDS models.

A. Data Preprocessing

Before training the ToDS models, we preprocessed the
NLU and NLG datasets following procedures aligned with the
Rasa framework [39]. Rasa is an open-source framework for
conversational Al chatbot development. It offers tools and
libraries for creating Al-based text and voice-driven chatbots
capable of engaging in natural language conversations with
users. The chatbot engine accepts one or more Excel files
containing the bot's ontology (domain, dialogue data, and
NLU). It then generates a functional Rasa chatbot from the
files, as illustrated in Figure 2.

/ " Bot Engine

Sheets data
Excel Flles loading

Rasa schema

actions

Domains £ ==

generation

m NLU data folder
generation
config,
credentials
end
. —) Pipeline I\l endpoints
. generation 1 4 yaml files
. data folder —_
m containing
- - domains
folder
onfiguratiol =
files equirements
generation file

Fig. 2. Bot engine processing of Excel files to generate Rasa schema.
Each Excel file represents a specific domain with multiple sheets
corresponding to intents, and each sheet contains example data for the
respective intent.

B. Hyperparameters

For our experiments, we selected hyperparameters based on
the models used. We employed a sophisticated language-
agonistic  Bidirectional Encoder Representations from
Transformers (BERT) variant pre-trained on 109 languages
[40], making it suitable for low-resource language scenarios.
The pipeline integrates Whitespace Tokenizer with several
feature extraction methods, including RegexFeaturizer,
lexicalSyntacticFeaturizer, and dual CountVectorsFeaturizers

operating at both word and character n-gram levels (1-4
window sizes) to handle morphological complication
efficiently.

For classification, it leverages a Dual Intent and Entity
Transformer (DIET) model, a multi-task architecture that
performs both intent classification and entity recognition by
integrating pre-trained word and sentence embeddings with
sparse features such as word-level and character-level n-grams.
DIET then processes these features through feed-forward
layers, two transformers, and a conditional random field layer.
The model also applies masking, a regularization strategy that
masks some tokens in the input sentence to improve
generalization.

We trained for 100 epochs with adaptive batch sizes [16,
32] at a learning rate of 0.001 to balance stability and
convergence speed. The dialogue management system
combines memory-driven MemoizationPolicy, constraint-
focused RulePolicy, and transformer-driven Transformer
Embedding Dialogue Policy (TED), configured with a 5-turn
historical window and 100 training epochs, developing a
unified training approach across components. Because French
is a resource-rich language, it is generally better represented in
LaBSE than Swahili. This allows the model to make richer
embeddings, effectively capitalizing on cross-lingual
representation while adjusting to the distinctive traits of
Congolese Swahili. This setup provides an optimal balance
between modern deep learning methods and conventional NLP
techniques for low-resource language processing. Figure 3
shows our architecture hyperparameters.

Fig. 3.

Hyperparameters of the ToDS model.
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C. Experimental Architecture

There are three models in our experimental architecture,
namely the baseline, the knowledge-centered ontology, and the
final ToDS models, as illustrated in Figure 4. The model's
comprehensive description is explained in the subsections
below. For training the baseline model, we utilized the

——Step —>

Congolese
Swabhili
Humanitarian
ToDS dataset
(NLU+NLG)

Text Extraction| |
processing

Step 2

Resource
Data
Framework
formated
humanitarian
ontology

Fig. 4.

The procedure comprises eight steps:

e Step 1: Apply humanitarian domain-specific dataset and
baseline model training.

e Steps 2 and 3: Produce the resource data framework and
configure the humanitarian ontology data.

e Steps 4 and 5: Integrate the ontology knowledge base and
the bot ontology filling via SPARQL query conversion for
specialized answers.

e Step 6: User query either the baseline model or the
specialized model.

e Steps 7 and 8: Bot answer generation and assessment on the
test data.

1) Baseline Models

To determine the suitable model for subsequent
experiments, we conducted three baseline experiments using
the Congolese Swahili humanitarian ToDS dataset, as depicted
in Step 1 of Figure 4. In our baseline experiments, we
developed a Named Entity Recognition (NER) model to
identify custom entities capable of decoding a humanitarian
context and incorporating the humanitarian scope into the
default bot ontology, leaving out HDX. We used the NLU
pipeline and the DIET classifier, which functioned as its main
element. The NER model's training set comprised Congolese
Swahili humanitarian ToDS data sourced from community
radio stations and local NGOs, with the model being trained on
53 custom entities. The NER model was consequently fine-
tuned, utilizing more dialogue-related training examples,
creating the system's NLU foundation via the Rasa incremental

accessible humanitarian domain-specific dataset of Section II,
and for training the knowledge base ontology pipeline, we
utilized a mix of humanitarian domain-specific datasets with
SPARQL queries to the RDF data stored on Humanitarian Data
Exchange (HDX). Finally, we fully fine-tuned the humanitarian
ToDS dataset for rich evaluation.

 Baselne ToDS |
model

Entity
Recognition

bot answer

Natural
Language to
SPARQL query
conversion

> n
Step 8 bot answer

Experimental architecture of the humanitarian ToDS model.

training method. Several NLU pipeline configurations, varying
from simpler to more complex, were used and evaluated to
ascertain the most appropriate alternative for our case.
Therefore, these three baseline models were formed. Streamlit
was used for comparing every configuration's outcome on the
test set, using F1 score, recall, and precision as metrics. We
tested diverse configurations in the featurization step, applying
sparse and dense elements as inputs to the DIET classifier.

In Config_1, we combine sparse features with Language-
agnostic BERT Sentence Embeddings (LaBSE) [40],
demonstrating strong cross-lingual performance across 109+
languages, including several African languages. For
Config_1_b, we utilized RoBERTa-base, a powerful
transformer-based model that performs well for intent
classification tasks. In Config 2, we relied solely on dense
features from BERT multilingual-cased [41, 42], showing
strong zero-shot cross-lingual transfer capabilities. Config 2 b
employed SpaCy with the xx_ent_wiki sm model, a
lightweight multilingual model that supports Swahili and many
other languages. This configuration uses SpaCy and sparse
features for a balanced approach suitable for African
languages. Finally, Config_3 utilized only sparse
characteristics, making it the lightest and most deployment-
friendly model, particularly ideal for low-resource
environments commonly encountered in humanitarian settings.
To enhance robustness, we trained all models for 100 epochs
with masking activated in DIET's training. The configurations
balance performance with practical deployment challenges in
low-resource situations. Table IV summarizes the baseline
configurations tested, including their use of sparse and dense
features.
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TABLE IV. HYPERPARAMETER CONFIGURATIONS FOR
THE BASELINE MODELS
Configuration Sparse features Dense features
Config_1 Yes Yes (LaBSE)
Config 1 b Yes Yes (RoBERTa-base)
Yes (BERT
Config 2 No multilingual-cased)
. Yes (SpaCy
Config 2_b Yes xx_ent_wiki_sm)
Config 3 Yes No

2) Ontology Pipeline

This section delineates the primary elements of the pipeline
that transforms a user question into a SPARQL query. An
illustration of this transformation is presented in Figure 5.

Ni wapi njo kuko ma hospitali
ndogo apa Goma

DIET
classifier

— l

intent: .
query_health_facilities_swa Entity:
—_—T |
SPARQL._query
SELECT ?facility ?name ?location WHERE { H itarian

?facility a
humanitarian:HealthFacility ;
humanitarian:name ?name ;
humanitarian:hasLocation ?

ontology

locUri .
?locUri rdfs:label ?location .

Goma
Karisimbi

Fig. 5.

Ontology pipeline.

a) Ontology Data Extraction and Preprocessing

At the start of the specialized dialogue, the bot acquires
HDX datasets with a defined scope. From the Excel file
obtained from HDX, Rasa extracts the humanitarian-related
text and performs preliminary processing before sending the
information to the entity recognition model for annotation. Text
cleaning includes sentence-level tokenization, unit expansion,
removal of unnecessary punctuation, and deletion of extra
whitespace and tab characters. The system also preserves the
designation of the humanitarian concept, which is from the
directives.

b) Entity Recognition and Ontology Population

Following the preprocessing of the specialized
humanitarian data, we import the trained NER model for the
bespoke humanitarian-related entities. The humanitarian text,
encompassing the details and directives, serves as input to the
model. Upon the model annotating the text with the

corresponding entities, these are utilized to populate the
humanitarian ontology with the appropriate instances. The
ontology is now finalized and prepared for querying.

c¢) SPARQL Query Transformation

When a user poses a question, the DIET classifier, which
has been fine-tuned for entity recognition and intent
classification, annotates the question with an intent and
identifies any entities related to that intent to populate the
corresponding Rasa slots. Upon identifying the intent, the
corresponding Rasa action is activated, which subsequently
relates to a SPARQL query. The query parameters are obtained
from the filled slots. For instance, as illustrated in Figure 5, the
user's question "ni wapi njo kuko ma hospitali ndogo apa
Goma" is labeled by the DIET classifier with the intent
query_health_facilities_swa and the entity request_type. The
specified intent initiates the action
action_query_health_facilities, responsible for locating health
facilities in a designated area within the humanitarian ontology.
The parameter for the query is obtained from the slot
request_type, populated with the extracted entity. Prior to
executing the query, the extracted entity string is compared
against all facilities within the populated humanitarian
ontology to identify the closest match. Upon identifying a
match, the SPARQL query is executed. Upon retrieval of the
results, we format the response and employ Rasa actions to
convey it to the user in natural language.

D. Evaluation

We evaluated our model's efficacy based on the subsequent
metrics:

e Intent and entity recognition: We evaluated the system's
capability to identify intents and entities correctly. At each
iteration, the F1 score, precision, and recall were computed.
These metrics comprise the final scores achieved by the
model.

o Task performance: We investigated the speed and adeptness
with which our assistant performs a task. Metrics such as
task completion rate and task completion cost were applied.
The former assesses the system's capability to perform a
task, quantified as the ratio of successful events to the total
number of attempted tasks. The latter examines the system's
productivity by computing the average number of dialogue
turns required to complete a task. The ideal scenario for our
system is responding in a single exchange without the user
needing to repeat inquiries; hence, the optimal task
completion costis 1.

o Edit distance: Finally, we evaluated whether the system
effectively achieved its primary objective: performing
humanitarian crisis response. We asked five users to
interact with the system until they reached the end of the
humanitarian response objective. Then, we represented each
dialogue in sequence based on the number of turns. For
instance, a ground truth dialogue with four turns would be
represented as< h; h, h; h, >. Instances where the system
asks the user to repeat the query or fails to perform a task
are denoted as < h; h,xhzh, >, with x indicating a
repetition or a failure. Subsequently, each dialogue was
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compared with its corresponding ground truth dialogue by
calculating the edit distance using the following metric:

ey

Substitutions occur when the system fails to execute a task,
deletions occur when it offers no response, and insertions
occur when the user is prompted to repeat. To emphasize
situations where the system asks the user to repeat, we
apply a correction factor of 0.4.

(substitutions + deletions + 0.4 insertions)
Error =

actual turns

IV. RESULTS AND EVALUATION

This section presents the findings of our experiments. We
first report the performance of the baseline ToDS models,
followed by the outcomes of the ontology-based ToDS models
querying the RDF format stored in HDX.

A. Baseline Models

As outlined in the methodology, we trained and assessed
three baseline models on the ToDS dataset to identify the most
effective model. Table V presents the performance of the NER
model configurations in terms of F1 score, precision, and
recall. The DIET model, trained exclusively on sparse features
with masking enabled, achieved the highest F1 score, recall,
and precision. Given that the F1 score is the weighted average
of precision and recall, Config_3 was identified as the optimal
model. We prefer the F1 score over accuracy because it better
reflects performance in scenarios with imbalanced -class
distributions, as in our case.

Notably, the model that outperformed all others was also
the least complex, trained solely on sparse features. Models
trained with pre-trained embeddings required more
computational resources and longer inference times. The cross-
lingual transfer of sentence embeddings utilizing French and

Standard Swabhili dense features was ineffective, likely because
these embeddings were not exposed to Congolese Swahili
during pretraining. These results demonstrate that DIET is a
suitable architecture for our low-resource application.

TABLE V. PERFORMANCE OF NER MODEL
CONFIGURATIONS: F1 SCORE, PRECISION, AND RECALL
(BEST MODEL TRAINED ON SPARSE FEATURES WITH

MASKING)
Configuration Precision Recall F1 score Support
Config_3 0.709422 0.786223 0.733571 421.000000
Config 2_b 0.699327 0.776722 0.723040 | 421.000000
Config_1 0.667656 0.755344 0.695249 | 421.000000
Config_1_b 0.663895 0.738717 0.685669 | 421.000000
Config_2 0.610333 0.693587 0.636263 | 421.000000

B. Automated Evaluations

1) Intent Classification and Entity Recognition

The first phase of the automated evaluation assessed the
system's ability to identify intents and entities accurately.
While we previously evaluated the NLU model on annotated
Congolese Swahili humanitarian datasets, we now evaluate the
model finetuned on dialogue-related data. Due to the limited
data, we have opted for a 5-fold cross-validation instead of a
singular train-test split. In each fold, the model was trained on
four groups and evaluated on the remaining group. At each
iteration, precision, recall, and F1 score were computed and the
mean of these metrics represents the model's final score. Cross-
validation provides a fairer and less biased assessment of our
model since the whole dataset is used for evaluation. Table VI
demonstrates that the NLU model achieves very high scores
across all metrics for both intent and entity recognition.

TABLE VL PERFORMANCE COMPARISON OF DIFFERENT MODEL CONFIGURATIONS ON INTENT RECOGNITION AND ENTITY
EXTRACTION (5-FOLD CROSS-VALIDATION AVERAGES)
Configuration Intent recognition Entity extraction
Precision Recall F1 score Precision Recall F1 score
Config_1 0.765 0.754 0.739 0.904 0.899 0.898
Config_1_b 0.749 0.732 0.723 0.893 0.905 0.895
Config 2 0.662 0.621 0.607 0.859 0.840 0.845
Config 2 b 0.717 0.689 0.675 0.883 0.871 0.873
Config_3 0.768 0.766 0.755 0.918 0.921 0.919

2) Effectiveness and Capability

In the second step of the automated evaluation, we analyzed
how efficiently and quickly our assistance can perform a task.
For this purpose, we used the task completion rate and task
completion cost metrics. Since the ultimate objective of our
assistant is to ensure that users receive essential humanitarian
assistance, we created a simulated assessment environment.
However, it is challenging to quantify whether users have
completed the task or how quickly they have done so. The
progression of the discussion depends on how each user
interacts with the system. For example, one user may be
familiar with the surroundings and ask only a few questions,
whereas another may ask several questions until the process is
finished. To better understand our system's effectiveness, we

recognized that a humanitarian discourse may include several
activities. These activities include:

e Supplying further contextual information, which may
consist of offering pertinent details or achieving a specific
objective. This is referred to as provide_information.

e Responding to a straightforward inquiry entails providing
an accurate response with little elaboration. This is
designated as answer_query.

e C(Clarifying the connections between things involves
integrating information to address an inquiry. This is
designated as explain_relationship.
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e Supplying the particulars of the entities, which may include those of other users. In each interaction, we sought to
providing further information on entities referenced in the comprehensively diversify the questions regarding structure
inquiry. This is designated as provide_entity_details. and purpose to assess the assistant's performance. We gathered

. . . . . . 20 conversations and manually marked system responses as

° Enumeratmg the. entlths. without further information. This accurate or incorrect, depending on the specified humanitarian
is referred to as list_entities. situation. Refer to Algorithm 1 for the stages of the evaluation

method. The mean number of tasks per dialogue was 3.75.

Examples of annotated conversations are shown in Table VII.

The outcomes from the second phase of the automated

assessment are shown in Figures 6, 7, and 8.

e Other: This may pertain to a particular issue that
encompasses the selection of many tasks from the
aforementioned list.

The conversations used to calculate the specified metrics
were obtained from both our interactions with the system and

Task Completion Rate by Task Type
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Fig. 6. Task completion rate by task type. Performance is perfect (1.0) for most task types, with only answer query showing lower performance (0.79) and
other tasks not attempted (0.0).
Task Completion Cost by Task Type
T.00 T.00 T.00 T.00 .00
1.0
0.8+
w
=
3
E
2 0.6
o
O
c
‘o
9
= 0.4
£
S
O
0.2 1
0.00
0.0 T T T T T T
& \ & Q 5
& &zd & & (é‘\ 0@0
Koé\ & Q7 & 3(}0
N & N ¢ 2
d \b"” 2 e,? &7
o R +Q\°
¢
Q &
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TABLE VII. DIALOGUE EVALUATION PROCESS EXAMPLES WITH TRANSLATIONS
Example Evaluation step Congolese Swahili English
User turn Kambi za wakimbizi wapi? Where are the refugee camps?
RUSAYO 2 (Rutshuru) - Uwezo: 2,280 RUSAYO 2 (Rutshuru) - Capacity: 2,280
Bot turn KASHUGA (Rutshuru) - Uwezo: 10,976 KASHUGA (Rutshuru) - Capacity: 10,976
MATER DEI (Rutshuru) - Uwezo: 460 MATER DEI (Rutshuru) - Capacity: 460
MPATI (Rutshuru) - Uwezo: 10,976 MPATI (Rutshuru) - Capacity: 10,976
1 Task Kujibu swali Answer query
id t?s " Kutoa maelezo ya kitu Provide entity details
1dentification Kutoa orodha ya vitu List entities
Task success Yote yalifanikiwa (y/y/y) All tasks were successful (y/y/y)
Error type 0 - Hakuna kosa 0 - No error
User turn Naeza pata wapi chakula cha msaada? Where can I get food aid?
PAM inapena chakula ya msaada kila wiki Kitchanga na WEP gives food aid every week in Kitchanga and
Bot turn
Mweso. Mweso.
Kujibu swali Answer query
Task . . .
2 . . . Kuelekeza eneo Provide entity details
identification R . .
Kutaja shirika List entities
Task success Yote yalifanikiwa (y/y/y) All tasks were successful (y/y/y)
Error type 0 - Hakuna kosa 0 - No error
Edit Distance Metrics . 11. Annotator inputs task type (1-6)
0.25 12. Annotator inputs task success
(Yes/No)
13. end
020 14. Determine if there was an error in
BotTurn:
" 15. Error Types:
e 0:15 16. 0. None
a 17. 1. Substitution
3 0.10 18. 2. Deletion
o 19. 3. Insertion
20. Annotator inputs error type
008 21. end
' 22. foreach BotTurn in Dialogue do
- - 23. Annotator decides: Does this turn need
o6 ' correction? (Yes / No)
Mean Median St Min Max 24 . ierS then
i o ) ) ) 25. Annotator writes the ideal
Fig. 8. Edit distance between actual and ideal dialogues. The mean edit ted Bot
distance of 0.10 indicates that 10% of turns required correction, with a correcte ot response
maximum observed deviation of 0.25 in the most problematic dialogue. 26. end
27. end
Algorithm 1. Dialogue Evaluation 28. Store all annotations for the dialogue

Procedure

Input A dialogue consisting of
alternating User and Bot turns

Output Annotated dialogue with task
types, success status, error types,
ideal responses

1. foreach TurnPair (UserTurn,BotTurn) in

Dialogue do

and

2. Identify all tasks in BotTurn:

3. Task Types:

4. 1. Provide Information

5. 2. Answer Query

6. 3. Provide Entity Details

7. 4. List Entities

8. 5. Explain Relationship

9. 6. Other

10. foreachIdentifiedTask in BotTurndo

Our system achieved a task completion rate of 79.8%,
indicating that it successfully completed the majority of tasks.
A significant finding during annotation was that the
humanitarian ontology component contributed significantly to
this high score. The NLU component of the assistant
effectively addressed several erroneous outputs from the
ontology segment while still providing a response. However,
these responses were sometimes inaccurate. A common failure
occurs when a user requests a precise answer; the system
sometimes provides only a partial humanitarian response or
produces false positives, likely due to the limited number of
training instances for certain entities in the NLU model.

The system achieved a task completion cost score of 1.0,
indicating high efficiency. This metric should be interpreted
alongside Task Completion Rate, as it was calculated only
from successfully completed tasks. The mean edit distance for
all conversations was 0.1, demonstrating that user interactions
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were highly efficient, with the majority of dialogue turns
requiring no corrections.

V. DISCUSSION

We perform an error analysis of the module's performance
and explore the research challenges and limitations. The lack of
pretrained sentence embeddings in Congolese Swabhili
massively influenced intent classification more than entity
recognition in the NLU module. In addition, the lack of a
sentence embedder deters the precise understanding of sentence
context in Congolese Swahili. This is because most intents are
expressed as full sentences conveying meaning. Nevertheless,
the usage of cross-lingual transfer shows modest improvement
when leveraging pretrained standard Swahili (SpaCy features),
compared with French cross-lingual transfer. Research
demonstrates that Congolese Swahili embeddings are strongly
linked with standard Swahili, despite frequent code-switching
to French. Future work could explore integrating Masakhane
embeddings [43], which are based on Niger-Congo B
languages, into our ToDS pipeline.

The slot-filling module demonstrates accuracy across 53
entity types, with the top-performing entities being:
population_type (1.0), rebel_name (1.0), and language_name
(1.0), whereas currency_name (0.0) and measurement_type
(0.0) are at the lowest end of the spectrum. The poor
performance on currency_name and measurement_type is
mainly due to the measurement units being incorrectly
classified as different entities.

The superior performance of state-of-the-art systems is
often linked to comprehensive training datasets and high-speed
hardware like GPUs. We selected the DIET classifier-based
method mainly due to the data volume and associated training
costs. This work applies a conversational Al system in the
humanitarian sector, utilizing a constrained dataset derived
from SMS and phone communications, because of the
challenges of obtaining large-scale humanitarian crisis data in
Congolese Swahili. Therefore, a practical approach combines
the DIET classifier model with a humanitarian ontology.
Despite the dataset limitations, this represents an initial and
promising outcome for agent modeling. Future research will
focus on implementing prompting techniques and instructing
large language models [44, 45] to improve the ToDS system's
critical thinking and analysis capabilities.

Additionally, our ToDS technology's human evaluation is
constrained by limitations. A practical, human-driven
assessment is needed to evaluate the assistant's conversational
quality through ratings provided by a specific number of
human evaluators who interact with the system. This approach
assesses discourse on fluency, relevance, informativeness, and
appropriateness. Authors in [46] developed a recipe-centered
ToDS with human review, where users were directed to choose
a dish from a supported website and were urged to ask
questions until they completed the entire recipe. To simulate
realistic scenarios, they administered a questionnaire, evaluated
the system's answers for this conversation type, verified
whether the anticipated answers were provided, and assessed
the dialogue's naturalness. In future studies, we aim to integrate
additional human evaluation to strengthen real-world

assessment metrics and
conversational systems.

improve the scalability of

VI. CONCLUSION AND FUTURE DIRECTIONS

We  successfully  implemented a  humanitarian
conversational Artificial Intelligence (AI) system designed to
support users during humanitarian crises by addressing
emergency-related questions. Our main focus for the system's
design was the natural language to SPARQL conversation
pipeline. To enable this query translation, we developed a
humanitarian ontology from mined Humanitarian Data
Exchange (HDX) datasets and trained a Named Entity
Recognition (NER) model for specific humanitarian entities
using a dataset of Congolese Swahili emergency crisis Short
Message Service (SMS) messages and calls, employing Rasa's
Natural Language Understanding (NLU) pipeline. We then
fine-tuned this initial model with dialogue-related data to
prepare the Al assistant for operation.

After creating our Task-Oriented Dialogue System (ToDS),
we performed a thorough automated assessment. In this
automated evaluation, we first assessed the effectiveness of the
system in intent classification and entity extraction by
calculating the F1 score, recall, and precision. We evaluated the
assistant's ability to interact in efficient conversation by
applying the task completion rate and task completion cost
metrics, and compared our conversations with ground-truth
conversations using the edit distance measure. The findings of
this comprehensive evaluation indicated that the humanitarian
ToDS can foster operational and efficient dialogue, thereby
achieving satisfactory scores in dialogue quality.

As a preliminary measure for further studies, we find that it
is advantageous to effectively use the dense features applicable
to the Swahili language, namely the pre-training of Swahili
sentence embeddings or the integration of Niger-Congo B pre-
trained sentence embeddings from the MasaKhane community
into our ToDS system.

The expansion of the ontology is an aspect that should be
further considered for future growth. We could enlarge the
ontology to incorporate more entities and complex
interrelations among them. Accordingly, the system would
accommodate more queries.

Eventually, we find it beneficial to conceptualize the entire
process as a Question—Answer (QA) problem. A QA model
might be refined using different humanitarian Congolese
language conversation datasets obtained from emergency SMS
messages and calls, utilizing large language model prompts or
instructions. This would promote a wider range of
humanitarian-related queries, mainly regarding the instruction
element. However, this approach would impose a significant
data collection burden because there is no existing annotated
dataset for a large-scale humanitarian Congolese Swahili
ToDS.

DATA AVAILABILITY STATEMENT

The Congolese Swahili task-oriented dialogue dataset
introduced in this study was compiled from SMS and call
center records provided by POLE FM, SAUTI YA ENGILI,
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and the local NGO Benevolencija. To protect the privacy and
security of affected individuals, personally identifiable
information has been removed. The anonymized dataset,
including intents, entities, and annotated dialogues in RDF
format, is available for academic and non-commercial research
purposes. It can be accessed at
https://github.com/ussenuk/Congolese-swahili-TODS.
Additionally, the experimental codebase can be accessed at
https://github.com/ussenuk/Congolese-Swahili-TODS-
ontology-pipeline. Researchers interested in using the dataset
should cite this work.
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