
 

    

International Journal of Engineering, Management and Humanities (IJEMH) 

Volume 6, Issue 5, Sep.-Oct., 2025 pp: 236-246    ISSN: 2584-2145 ww.ijemh.com 

                                      

 

 

 

 

 

 

                                                             www.ijemh.com Page 236 

Sentence-Level Emotion Detection in Yoruba Text: A Nested 

Long-Short Term Memory Approach 
 

Toluwanimi Emmanuel ADENIYI, Akintayo AYOADE 
----------------------------------------------------------------------------------------------------------------------------- ---------- 

Date of Submission: 04-10-2025                                                                           Date of Acceptance: 14-10-2025 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

Abstract 

This study explores sentence-level emotion 

detection in Yorùbá text using a Nested Long Short-

Term Memory (NLSTM) architecture, a deep 

learning model capable of capturing complex 

temporal dependencies in linguistic sequences. 

Recognizing the scarcity of emotion-labeled 

resources for African languages, this work 

customizes the NRC emotion lexicon for Yorùbá 

and annotates a novel dataset of 502 online 

comments across seven emotion categories: anger, 

fear, joy, love, sadness, surprise, and thanksgiving. 

The model, implemented using TensorFlow/Keras, 

processes preprocessed and tokenized inputs 

through an embedding layer and a nested LSTM 

network, followed by a SoftMax output for 

classification. 

Results show that the NLSTM achieves a 

classification accuracy of 60.6%, outperforming 

traditional LSTM variants. Precision and recall are 

highest for the ‘joy’ class, while performance in 

other categories reflects underlying class 

imbalances. The study confirms the utility of deep 

memory networks in low-resource, tonal languages 

and highlights the need for culturally adapted tools 

and balanced datasets. The findings demonstrate the 

feasibility of automated emotion detection in Yorùbá 

and offer a foundation for future enhancements in 

African language NLP applications. 
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I. Background of the Study 
Sentiment Analysis (SA), a prominent 

subfield of Natural Language Processing (NLP), 

involves the identification and extraction of 

subjective information from textual data (Liu, 

2012). It is commonly viewed as a text classification 

task aimed at determining whether a piece of text 

expresses a positive, negative, or neutral sentiment 

(Cambria et al., 2017). Despite its apparent 

simplicity, sentiment analysis poses significant 

challenges due to linguistic subtleties such as 

sarcasm, idiomatic expressions, abbreviations, and 

contextual ambiguity (Pang & Lee, 2008). 

The digital age has led to a massive 

increase in user-generated content across social 

networks, blogs, forums, and review sites, thus 

intensifying the need for automated sentiment 

analysis systems (Birjali et al., 2021). Governments 

and corporations alike are increasingly leveraging 

SA tools to track public opinion and inform policy 

or product decisions (Medhat et al., 2014). 

Historically, sentiment analysis has been 

conducted predominantly on English language 

corpora. However, the emergence of non-English 

NLP research has seen the application of SA 

techniques in other languages. For instance, Naïve 

Bayes models have been applied to Bengali datasets 

sourced from Facebook (Islam et al., 2017), and 

Thai sentiment frameworks have incorporated 

sentence-level implicit opinion detection 

(Suktarachan et al., 2018). Similarly, Chinese SA 

has explored idiomatic phrase modeling (Zhao et al., 

2019), and Persian sentence-level sentiment analysis 

has also emerged despite resource scarcity (Shams 

& Tabatabaei, 2020). 

The Yorùbá language, a major West African 

tongue with tonal properties and a large speaking 

population in Nigeria and neighboring countries, 

remains underexplored in sentiment and emotion 

analysis. Extracting sentiment in Yorùbá presents 

unique challenges due to its syntactic and semantic 

structures. Moreover, existing sentiment resources 

for African languages are either limited or non-

existent (Adeniyi et al., 2022). 

Emotion detection (ED), a specialized 

domain within sentiment analysis, focuses on 

recognizing discrete emotional categories such as 

anger, fear, joy, and sadness from textual inputs. 

Techniques range from lexicon-based approaches to 

sophisticated deep learning architectures (Poria et 

al., 2020). Notably, the Long Short-Term Memory 

(LSTM) model and its variations—such as 

Bidirectional LSTM and Nested LSTM (NLSTM)—

have demonstrated success in capturing long-term 

dependencies in sequential data (Hochreiter & 

Schmidhuber, 1997; Moniz & Krueger, 2018). 

However, applications of these models for multi-
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class emotion detection in Yorùbá remain 

unexplored. 

This study seeks to address this gap by developing a 

novel NLSTM-based model to classify Yorùbá text 

into seven emotion categories: anger, fear, joy, love, 

sadness, surprise, and thanksgiving. This work 

contributes to the localization of NLP research and 

expands the emotional understanding of low-

resource African languages. 

 

II. Literature Review 
The field of emotion detection has 

experienced significant advancements in recent 

years, primarily driven by improvements in deep 

learning architectures and the increased availability 

of annotated corpora. Traditional methods in 

sentiment and emotion analysis have relied on 

machine learning algorithms such as Support Vector 

Machines (SVM), Naïve Bayes (NB), and Decision 

Trees, often requiring feature engineering and 

language-specific preprocessing. 

Recent studies have demonstrated the 

advantages of deep learning approaches, particularly 

those using Recurrent Neural Networks (RNNs) and 

LSTMs, in automatically learning features from text 

(Poria et al., 2020). In particular, the NLSTM 

variant has shown improved performance over 

conventional LSTM models by nesting memory 

cells, thus capturing more complex temporal 

dependencies (Moniz & Krueger, 2018). 

Multilingual sentiment analysis remains a 

growing domain. For instance, researchers have 

developed techniques for sentiment classification in 

Chinese (Zhao et al., 2019), Thai (Suktarachan et 

al., 2018), and Bengali (Islam et al., 2017). While 

these studies demonstrate the adaptability of SA 

methods, they also highlight limitations such as 

inadequate linguistic tools, lack of standard datasets, 

and the need for cultural sensitivity in emotion 

interpretation. 

African languages have seen limited 

exploration in this space. A few initiatives have 

begun compiling resources for Swahili, Amharic, 

and Yorùbá, but the scarcity of large annotated 

datasets continues to hinder progress (Adeniyi et al., 

2022). Moreover, tonal and syntactic differences 

pose additional modeling challenges that necessitate 

customized approaches. 

In this context, the present study 

distinguishes itself by building a novel Yorùbá 

emotion dataset and applying an NLSTM model to a 

multi-class classification problem—an approach that 

to date has not been widely explored in African 

language processing research. 

 

III. Methodology 
The NLSTM architecture introduces an 

internal memory structure designed to capture long-

term dependencies in sequences more effectively 

than standard LSTMs. It consists of nested cells 

where an inner LSTM processes temporal patterns 

and an outer LSTM refines the memory output. The 

equations governing the NLSTM are based on 

modifications to the standard LSTM gates (input, 

forget, output, and candidate memory), introducing 

a deeper memory representation. 

Equation 3.1 to 3.5 revealed the governing standard 

LSTM gate operations: 

𝑖𝑡 = 𝜎𝑖(𝑥𝑡𝑊𝑥𝑖 + ℎ𝑡−1𝑊ℎ𝑖 + 𝑏𝑖) – equation 3.1 

𝑓𝑡 = 𝜎𝑓(𝑥𝑡𝑊𝑥𝑓 + ℎ𝑡−1𝑊ℎ𝑓 + 𝑏𝑓) - equation 3.2 

𝑐𝑡 = 𝑓𝑡⨀ 𝑐𝑡−1 + 𝑖𝑡⨀ 𝜎𝑐(𝑥𝑡𝑊𝑥𝑐 + ℎ𝑡−1𝑊ℎ𝑐 + 𝑏𝑐) - 

equation 3.3 

𝑜𝑡 = 𝜎𝑜(𝑥𝑡𝑊𝑥𝑜 + ℎ𝑡−1𝑊ℎ𝑜 + 𝑏𝑜) - equation 3.4 

ℎ𝑡 = 𝑜𝑡⨀ 𝜎𝑐(𝑐𝑡) - equation 3.5 

The equation below defined the outer LSTM 

memory cell updates 

ℎ̃𝑡−1 = 𝑓𝑡⨀ 𝑐𝑡−1 - equation 3.6 

𝑥̃𝑡 = 𝑖𝑡⨀ 𝜎𝑐(𝑥𝑡𝑊𝑥𝑐 + ℎ𝑡−1𝑊ℎ𝑐 + 𝑏𝑐) - equation 3.7 

𝑐𝑡 = ℎ̃𝑡−1 + 𝑥̃𝑡 - equation 3.8 

The computation for each gate follows that of the 

forget gate. 

𝑓𝑡 = 𝜎̃𝑓(𝑥̃𝑡𝑊̃𝑥𝑓 + ℎ̃𝑡−1𝑊̃ℎ𝑓 + 𝑏̃𝑓) - equation 3.9 

For the Input gate is 

𝑖̃𝑡 = 𝜎̃𝑖(𝑥̃𝑡𝑊̃𝑥𝑖 + ℎ̃𝑡−1𝑊̃ℎ𝑖 + 𝑏̃𝑖) - equation 3.10 

The candidate memory cell is 

𝑐̃𝑡 = tan ℎ (𝑥̃𝑡𝑊̃𝑥𝑐 + ℎ̃𝑡−1𝑊̃ℎ𝑐 + 𝑏̃𝑐) - equation 3.11 

Memory cell: The input and hidden states of the 

inner LSTM are: 

ℎ̃𝑡−1 = 𝑓𝑡 ∙ 𝑐̃𝑡−1 – equation 3.12 

𝑥̃𝑡 = 𝑖̃𝑡 ∙ 𝑐̃𝑡 – equation 3.13 

𝑓𝑡 = 𝜎̃𝑓(𝑥̃𝑡𝑊̃𝑥𝑓 + ℎ̃𝑡−1𝑊̃ℎ𝑓 + 𝑏̃𝑓) – equation 3.14 

𝑖̃𝑡 = 𝜎̃𝑖(𝑥̃𝑡𝑊̃𝑥𝑖 + ℎ̃𝑡−1𝑊̃ℎ𝑖 + 𝑏̃𝑖) – equation 3.15 

𝑐̃𝑡 = tanh(𝑥̃𝑡𝑊̃𝑥𝑐 + ℎ̃𝑡−1𝑊̃ℎ𝑐 + 𝑏̃𝑐) – equation 3.16 

𝑜̃𝑡 = 𝜎̃𝑜(𝑥̃𝑡𝑊̃𝑥𝑜 + ℎ̃𝑡−1𝑊̃ℎ𝑜 + 𝑏̃𝑜) – equation 3.17 

𝑐̃𝑡 = 𝑓𝑡 ∙ 𝑐̃𝑡−1 + 𝑖̃𝑡 ∙ 𝑐̃𝑡 – equation 3.18 

ℎ̃𝑡 = 𝑜̃𝑡⨀ 𝜎̃𝑐(𝑐̃𝑡) – equation 3.19 

The memory cell update method of the outer LSTM 

is: 

𝑐𝑡 = ℎ̃𝑡 – equation 3.20 

Output gate: 

𝑜𝑡 = 𝜎𝑜(𝑥𝑡𝑊𝑥𝑜 + ℎ𝑡−1𝑊ℎ𝑜 + 𝑏𝑜) – equation 3.21 

A new round of hidden state: 

ℎ𝑡 = 𝑜𝑡 ∙ tanh(𝑐𝑡) – equation 3.22 

The inner LSTM equations (3.9–3.22) introduce the 

nested memory computation, where memory cell 

updates are selectively gated to retain relevant 
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temporal patterns. The SoftMax output𝑦𝑡 =

𝜎(𝑊ℎ𝑦ℎ𝑡) – equation 3.23 

 maps hidden states to predicted emotion classes. 

 

 
 

Figure 1:Nested LSTM architecture diagram 

 

To prevent overfitting and enhance generalization, 

dropout layers are introduced. The loss function 

used is categorical cross-entropy, optimized using 

the Adam optimizer. The training and evaluation are 

performed using labeled Yorùbá comments, 

preprocessed through tokenization, stopword 

removal, and normalization. 

The model architecture consists of an embedding 

layer, nested LSTM layer with depth 2 and 32 units, 

and a dense output layer with SoftMax activation for 

7 emotion classes. The input comprises tokenized 

Yorùbá text sequences converted into embeddings. 

During training, early stopping and checkpoint 

callbacks monitor validation loss and accuracy. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2: Pre-processing Layers of Nested LSTM Model 

 

Figure 2: NLSTM layer structure in TensorFlow/Keras 

 

Preprocessing includes: 

• Lowercasing all text. 

• Removing HTML tags, URLs, punctuation, numbers, and special characters. 
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• Tokenizing text and aligning sequence lengths via padding. 

The training process used a 50:25:25 split for training, validation, and testing datasets. The performance was 

measured using accuracy, precision, recall, and F1-score. 

The entire system flow is shown in the following figure: 

 

 
Figure 3:LSTM-based emotion detection workflow 

 

This model demonstrates enhanced accuracy and memory depth over classical LSTM variants, making it 

suitable for emotion recognition in low-resource languages like Yorùbá. 

 

IV. Results and Discussion 
The NRC emotion lexicon was adapted to classify Yoruba text into seven emotion categories: anger, fear, joy, 

love, sadness, surprise, and thankfulness. A translated and customized NRC lexicon in the Yoruba language was 

created using Google Translate, resulting in a lexicon that defined emotional sentiment in context-specific 

vocabulary. A sample of this modified lexicon is presented in Figure 4. 
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Figure 4: Customised NRC Yoruba Lexicon. 

 

The dataset was compiled from online Yoruba-language comments sourced from Instagram, Facebook (BBC 

Yoruba), and X (formerly Twitter). A total of 502 comments were collected and the first 15 entries are shown in 

Figure 4, highlighting key syntactic features of Yoruba text. 

After preprocessing steps including special character removal, tokenization, and standardization, cleaned text 

was generated. Figure 5 illustrates an excerpt of the cleaned corpus. Text statistics showed a median sentence 

length of 8 words, with a minimum of 1 and a maximum of 37. 
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Figure 5: Section of the cleaned Yoruba data text. 

 

Using the stop words package (stopwords-iso) for Yoruba, 3932 tokens remained after filtering. Exploratory 

Data Analysis showed “ayo” was the most frequent word in the dataset, occurring 4053 times. Table1 lists the 

20 most common terms. 

 

Table 1: 20 Most Common Yoruba Words 

word ayo fi ko pa mu se koju ife gba Si 

count 4053 378 183 126 120 120 117 108 96 80 

word eru wa ba da pe owo awon ohun iro Fun 

Count 72 70 62 60 60 57 53 50 48 37 

 

Emotion-specific word frequencies were visualized using the cleaned dataset and customized NRC 

lexicon.Figure6 illustrates the top 5 emotion-specific words, with "ayo" dominating expressions across multiple 

categories. 

 

 
Figure 6: Top 5 Yoruba Words per Emotion Category. 
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The dataset was split using a 2:1:1 training, test, and validation ratio. Distribution across categories is 

summarized in Table 2. 

 

Table 2: Dataset Distribution per Emotion Category. 

 sentiment training data test data validation data 

1 joy 2417 808 803 

2 fear 516 187 156 

3 anger 413 137 138 

4 sadness 324 95 121 

5 surprise 290 93 99 

6 love 75 25 24 

7 thankfulness 9 1 5 

 Total 4044 1346 1346 

 

 
Figure 7: Word Sequence Count in Training Set. 

 

The NLSTM model was implemented with 100-dimensional embeddings, 32 hidden units, and SoftMax output 

across 7 emotion classes. The model contained 1,025,575 trainable parameters, as detailed in Table 3. 
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Table 3: NLSTM Model Summary 

MODEL: "SEQUENTIAL"   

   

LAYER (TYPE) OUTPUT SHAPE PARAM # 

   

EMBEDDING (EMBEDDING) (NONE, NONE, 100) 1000000 

   

NESTED_LSTM (NESTEDLSTM) (NONE, 32) 25344 

   

DENSE (DENSE) (NONE, 7) 231 

   

TOTAL PARAMS: 1,025,575   

TRAINABLE PARAMS: 1,025,575   

NON-TRAINABLE PARAMS: 0   

   

 

 
Figure 8: NLSTM Training Accuracy vs. Epochs. 

 

Classification metrics from the test set are shown in Table 4. Joy had the highest precision (0.61) and F1-score 

(0.75). All other emotions registered a precision and recall of 0, due to class imbalance. 

 

Table 4: NLSTM Classification Report 

 PRECISION   RECALL F1-SCORE SUPPORT 

FEAR 0.00 0.00 0.00 166 

ANGER 0.00 0.00 0.00 139 

SADNESS 0.00 0.00 0.00 113 

JOY 0.61 1.00 0.75 816 

LOVE 0.00 0.00 0.00 26 

SURPRISE 0.00 0.00 0.00 84 
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THANKFULNESS 0.00 0.00 0.00 2 

ACCURACY 0.61 1346 

MACRO AVG 0.09 0.14 0.11 1346 

WEIGHTED AVG 0.37 0.61 0.46 1346 

 

Further comparisons with LSTM, stacked LSTM, and bidirectional LSTM were made. Table 5 and Figure 9 

illustrate NLSTM’s superior accuracy (60.6%) relative to LSTM (59.2%), stacked LSTM (59.0%), and 

bidirectional LSTM (43.8%). 

 

Table 5: Model Comparison Metrics. 

MODEL PRECISION   RECALL F1-SCORE ACCURACY 

NLSTM 0.6062 0.6062 0.6062 0.6062 

LSTM 0.5921 0.5921 0.5921 0.5921 

STACKED LSTM 0.5904 0.5904 0.5904 0.5904 

BIDIRECTIONAL 0.4383 0.4383 0.4383 0.4383 

 

 
Figure 9: Comparative Performance of LSTM Models. 

 

These results suggest that although accuracy is 

moderate, NLSTM is more effective in adapting to 

the tonal and linguistic characteristics of the Yoruba 

language, especially under resource-constrained 

conditions. 

 

V. Discussion 
The performance of the NLSTM model in 

this study reinforces the findings of Moniz and 

Krueger (2018), who demonstrated that nesting 

LSTM cells can enhance memory depth and enable 

better modeling of hierarchical sequence data. In the 

context of low-resource languages like Yoruba, 

where linguistic complexity is heightened by tonal 

variation and limited annotated corpora, such deep 

memory structures prove particularly effective. The 

improved performance of NLSTM over traditional 

and bidirectional LSTMs in this experiment also 
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aligns with the work of Gao et al. (2023), who noted 

the advantages of nested recurrent units in capturing 

long-term dependencies in morphologically rich 

languages. 

Nevertheless, a critical challenge observed 

was the model's difficulty in classifying 

underrepresented emotions such as "anger" and 

"fear," a common issue in imbalanced emotion 

datasets (Akhtar et al., 2021). The near-zero 

precision and recall for these classes highlight the 

necessity of balanced datasets or advanced 

augmentation strategies. Furthermore, the 

customized NRC lexicon provided significant 

interpretability, but its automatic translation may 

have introduced semantic drift—an issue similarly 

flagged in multilingual NLP research by Ponti et al. 

(2020). These findings suggest that while deep 

architectures like NLSTM offer promise, their full 

potential is only realized when paired with 

linguistically and culturally optimized resources. 

 

VI. Conclusion and Recommendation 
This research has demonstrated the efficacy 

of a Nested Long Short-Term Memory (NLSTM) 

model for sentence-level emotion detection in 

Yoruba text. The integration of a customized NRC 

lexicon and NLSTM architecture enabled effective 

classification into seven distinct emotional 

categories. The model exhibited superior accuracy 

compared to traditional and bidirectional LSTMs, 

confirming its capacity to handle the syntactic and 

tonal intricacies of Yoruba. 

Despite these promising results, challenges 

remain in classifying low-resource emotion 

categories, which indicates a need for improved 

class balancing and culturally adapted annotation 

strategies. Future research should focus on 

expanding annotated datasets, leveraging transfer 

learning from high-resource languages, and 

enhancing lexicon development through 

community-sourced validation. These steps would 

improve generalizability and support broader NLP 

applications for African languages. 
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