Second IJCAT Al for Good Symposium in Africa hosted by Deep Learning Indaba

Applying Hybrid Approach of Complexity Annotator Tool and Machine Learning
for Lexical Complexity Detection and Simplification in Amharic Text

Gebregziabihier Nigusie!, Tesfa Tegegne?

'Mizan-Tepi University
2Bahir Dar Institute of Technology
gerenigusiel 38 @gmail.com, tesfat@ gmail.com

Abstract

Text complexity refers to how difficult a document
is for target readers to understand. The Amharic
language includes complex and unfamiliar words
that may cause low-literacy readers to misunder-
stand the document. In addition to human read-
ers, such text complexity also poses challenges for
NLP applications like machine translation. To de-
tect and reduce this type of complexity for one of
the Semitic family, low-resourced and morphologi-
cally reached language Amharic, we have applied a
hybrid approach of complexity annotator tool and
machine learning. The Amharic text complexity
annotator tool is built using 1113 complex terms.
Then based on the annotated dataset we have devel-
oped complexity classification and simplification
models. For the classification experiment, we used
26.4k sentences to train Long Short-Term Mem-
ory, Bidirectional Long Short-Term Memory, and
Bidirectional Encoder Representations from Trans-
formers pre-trained models. To embed these sen-
tences, we have built Word2Vec and BERT embed-
dings. using 9756 vocabularies. The experimen-
tal result of these models scores an accuracy of
84.1%(LSTM), 86%(BiLSTM), and 90%(BERT).
Based on the experimental result the BERT model
has better classification accuracy, because of its
ability to handle long-term information depen-
dency. The simplification generation for the iden-
tified complex term using cosine similarity results
92% for top-ranked and 53% for lowest-ranked
simplest equivalents from five top-generated words.

1

To provide language learners and low-literacy readers with
texts suitable for their level, the lexical, morphological, syn-
tactic, and discursive complexity of a text must be considered
[Nigusie and Tegegne, 2022a]. Documents such as student
textbooks, fiction, and newspapers use a wide variety of vo-
cabulary, some of which may not be easily understandable to
low-literacy readers. This can contribute to text complexity,
which can be determined based on various factors, such as
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word familiarity and the educational background of the read-
ers. To reduce this kind of complexity, languages like En-
glish have guidelines [Solution, 2021] to ensure that docu-
ments are written using frequently occurring words, making
the text more understandable for readers with low literacy lev-
els in the language. However, documents written in morpho-
logically rich African languages like Amharic do not follow
text complexity levels due to the unavailability of complexity
evaluation guidelines. Therefore, applying machine learning
models for complexity classification and simplification is a
promising solution. Lexical complexity is a major type of
text complexity, which arises due to the presence of unfamil-
iar words in a document [North et al., 2022]. The objective
of simplifying text at the lexical level is to reduce linguistic
complexity by substituting simpler equivalents for complex
words while retaining their meaning and semantics [Qiang et
al.,2019]. In the field of text simplification, researchers argue
that simplifying a text does not necessarily improve under-
standing unless it increases the number of individual terms
that a reader can comprehend [Shirzadi, 2014]. This pro-
cess helps make information more accessible to a wide range
of people, including children and non-native speakers of the
language [Luz et al., 2013].

1.1 Ambharic Language

Ambharic is a Semitic and morphologically rich language pri-
marily spoken in Ethiopia. Like other languages, Amharic is
also a research area for many Natural Language Processing
applications [Woldeyohannis and Meshesha, 2022]. Some
lexical terms in the language may be unfamiliar to certain
readers, making it difficult for second-language learners and
low-literacy readers to comprehend the content. As indi-
cated by the Ethiopia Early Grade Reading Assessment stud-
ies of 2010 and 2018, students have limited skills in reading
and understanding unfamiliar words in the Amharic language
[USAID, 2018]. To address text complexity, a benchmark
study on Ambharic text complexity classification using ma-
chine learning was conducted in 2022 [Nigusie and Tegegne,
2022a]. Studying the complexity of Amharic text helps re-
duce text complexity for target readers and it also enhances
the performance of Natural Language Processing applications
such as parsing, information extraction, and machine transla-
tion.
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2 Related Work

Nowadays, with the increased availability of online docu-
ments, using machine learning for classifying text has be-
come one of the key techniques [Bessou and Chenni, 2021].
This is achieved by exploiting a supervised learning method
to assign labels to documents based on the prospects sug-
gested through a trained set, which is widely adopted in the
area of Natural Language Processing [Zhang et al., 2008].
One application of these supervised machine learning al-
gorithms is text complexity classification [Santucci et al.,
2020], which measures the appropriateness of text for partic-
ular readers. This approach is widely used in education to
select content that matches with the learners understanding
level and to support educationalists in designing textbooks
and curricula that align with students’ need [de-la Pefia and
Luque-Rojas, 2021]. Furthermore, text complexity classifica-
tion is valuable for Natural Language Processing applications
such as sentiment analysis, text simplification, and automatic
machine translation for non-native readers. The complexity
level of text should align with the proficiency level of the
learners [sagari Dina and Jayanti, 2016]. Adapting these ma-
chine learning models to measure the complexity of a text
using a supervised classification model has become popular.
For example, a study evaluated the language abilities of non-
native speakers of Italian using supervised machine learning
[Santucci er al., 2020]. The experiment was conducted us-
ing Random Forest and Support Vector Machine models on
a dataset collected from certification materials, achieving an
accuracy of 72.5% and 71.7%, respectively. This introduces
objectivity in teaching tasks. Another study was conducted on
reading for Ethiopias achievement development monitoring
and evaluation [Seidenfeld, 2018], which focuses on eval-
uating subtasks such as familiar words reading, new word
reading, and reading comprehension of early-grade students.
The data was collected from 459 schools and evaluated by
17,879 students in grades 2 and 3. Their evaluation results
help to determine students understanding ability of the text,
their ability to answer factual questions, and make inferences
based on what they read. Therefore, using words appropriate
to the students grade level helps them easily read and recog-
nize text, which is part of their conclusion. With the emer-
gence of deep neural networks and pre-trained models, the
text complexity classification process has shifted toward us-
ing Recurrent Neural Network and transfer learning models
[Bosco et al., 2018]. Lexical complexity prediction has been
extensively studied using pre-trained models. For the dataset,
the researchers used sources such as SemEval-2021, Bible,
Europarl, and biomedical datasets, and they have applied five-
step training with BERT, RoBERTa, ALBERT, ERNIE, and
RoBERTaLARGE [Pan et al., 2021]. Based on their ex-
periments, ROBERTaLARGE performed better with an MAE
score of 0.0715 and an MSE of 0.0085. The lexical simpli-
fication of the predicted complex terms is their future rec-
ommendation. For the language focused on in this study,
previous studies were conducted, such as the classification
of Ambharic text complexity using classical machine learning
models [Nigusie and Tegegne, 2022al. In this study, 5126
sentences were used for binary classification of complex and
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non-complex text. The experiment was conducted using Sup-
port Vector Machine, Naive Bayes, and Random Forest mod-
els, and based on the results, the Support Vector Machine
model achieved a high-performance accuracy of 87.1%. The
need for richly annotated corpora has been progressively in-
creasing for building deep learning models. In this context,
several tools have been developed with the aim of simplify-
ing and speeding up manual text annotation to reduce data an-
notation complexity and costs. Recent data annotation tools,
such as LightTag [Tal, 2021] and [Kawamoto et al., 2021],
have partially filled this gap for building machine learning
models for specific downstream tasks. Training complexity
classification models for the Amharic language requires large
corpora, which can be challenging to annotate manually. This
is why we developed a new Amharic text complexity annota-
tor tool and integrated it into machine learning models. The
next stage for text classified as complex is detecting specific
complex terms and generating their simpler equivalents. The
simpler equivalent for the predicted complex term can be gen-
erated using word embeddings to address the unique chal-
lenges of scientific terminology [Kim and Hullman, 2016].
The model was built by training 304 complex word vectors to
rank candidates using cosine similarity. The model’s perfor-
mance evaluation yielded a precision of 0.389. Additionally,
the model was applied to the Spanish language using a dataset
annotated by both native and non-native Spanish speakers.
For further improvement, the researchers adopted advanced
training by applying the pre-trained BERT model for Turkish
language lexical simplification [Uluslu, 2022]. This BERT
model achieved a BLEU score of 78.25% for comparing can-
didates to replace complex terms, showing a significant im-
provement compared to the baseline, with a 29.8% accuracy
increase using LSBert[Qiang et al., 2019]. LSBert gener-
ates a large number of candidates for lexical simplification by
masking the complex word. Previous studies have covered
the entire pipeline of lexical simplification, including com-
plex word identification, substitution generation, and substi-
tution selection. Although various machine learning models
have been developed for lexical complexity prediction and
simplification in languages such as English, Spanish, and
Chinese, these models have not been applied to Amharic text
complexity due to differences in grammar, morphology, and
semantics. This highlights the need for separate studies tai-
lored to each language.

3 Text Complexity Annotator Tool

In previous works, the data collection and annotation process
for Amharic text complexity classification experiments posed
significant challenges because the data was collected and an-
notated manually. Therefore, it is challenging to extend the
experiment to incorporate deep learning models for handling
larger datasets. In this study, we aim to address this prob-
lem by developing a new Amharic text complexity annota-
tion tool and integrating it with the classification models, as
text annotation is a critical step in solving supervised Natural
Language Processing issues. We have developed this new an-
notation tool to maintain annotation quality and consistency
[Rodolfo et al., 2018]. The tool operates by segmenting large
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unlabeled Amharic text to the sentence level using Amharic
sentence-ending indicators such as #,!. Next, word tokeniza-
tion and root extraction processes are applied to accurately
identify sentences containing complex terms. The analyzed
text is then passed to the annotation stage. Sentences contain-
ing complex terms, which make the overall sentence seman-
tics complex, will be labeled as complex. Sentences without
complex content will be labeled as non-complex, as shown in
Figure 1.
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Figure 1: The Amharic text complexity annotation tool architecture

To validate the complexity level of the dataset identified by
the annotation tool, we randomly selected 1000 sentences and
evaluated them with a human annotator. Out of these sen-
tences, the human annotator and the tool agreed on 680 sen-
tences.

4 Integration of the Annotator Tool with
Classification Models

The integration of the Amharic text complexity annotator tool
with classification models typically involves using the anno-
tated data generated by the tool to train RNNs and pre-trained
models. The tool accepts large plain text inputs, automati-
cally segments them at the sentence level, and then assigns
labels based on sentence content. The advantage of integrat-
ing this new text annotator tool with machine learning mod-
els is that it can produce large amounts of annotated text data,
reducing the human workload involved in the annotation pro-
cess. Furthermore, the tool helps minimize annotation bias
and increases objectivity in model predictions.

Annotation Tool: https://github.com/gebre138/annotation.
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5 Dataset Collection

The dataset used for building complexity classification and
simplification models is sourced from academic textbooks,
fiction, and social media, as these sources contain complex
content identified by book authors and linguistics of Amharic
language. The dataset collection process constitutes a crit-
ical component of this research, necessitating a careful se-
lection and annotation process to ensure the generation of
high-quality labeled data for training machine learning mod-
els. The unstructured collected data was processed using an
automatic annotation tool. The tool identifies sentence that
contain complex terms based on a pre-trained word2vec using
1,113 complex terms. With the help of this tool, we compiled
a dataset of 26,400 sentences. To ensure annotation accuracy,
a subset of 1,000 sentences was randomly selected and man-
ually reviewed by three Amharic linguists, yielding an inter-
annotator agreement of 68%. This tool plays a crucial role
in ensuring annotation quality and efficiency for addressing
challenges associated with manual annotation, which is both
time-consuming and costly, as highlighted in previous studies
[Nigusie and Tegegne, 2022b]. The dataset maintains an opti-
mal distribution strategy, with 50% of the sentences contain-
ing complex lexical terms and the remaining 50% classified
as non-complex, for ensuring to build balanced and unbiased
classification model.

6 Text Preprocessing

To develop an optimized model, appropriate data are re-
quired, and preprocessing is a vital part of acquiring such
data. This stage is a common task in Natural Language Pro-
cessing applications to have the representative features even if
the way of preprocessing depends on the type of dataset and
the language [Siino et al., 2024]. We have applied differ-
ent preprocessing stages for our dataset because we have col-
lected the dataset from different sources which contain noise
such as special characters and stop words.

6.1 Sentence Segmentation

We have applied sentence segmentation to unlabeled large
corpus to detect the sentence boundary [Faruqui et al., 2015].
Since the Ambharic language has punctuation marks such as ?,
! which occur at the end of the sentence. This segmentation
is a preliminary step for automatic annotation.

6.2 Tokenization

At this stage, we have split the annotated Amharic dataset
into a list of tokens and remove special characters like ’, /, !
because the existence of these characters does not have a sig-
nificant contribution to increase the performance of the clas-
sification models.

6.3 Stop-word Removal

Removing stopwords from our dataset saves model-building
time and reduces the vector space of text. In many natural
language processing applications, an appropriate stop-word
extraction technique is required. Our aim in this stage is
to remove low-level information which allowing us to focus
on the most important information. The existence of these
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stop words results in reducing the performance of the model
[Mesfin and Yaregal, 2014al.

6.4 Normalization

Some Ambharic words can be written in a different format for
the same representation and function(homophones). To re-
duce such word variation, we have transformed those words
into a single representation (homophone normalization). For
example, the phoneme /h/ can be represented by the h, ha se-
ries of graphemes, to reduce such Fidel variation in Amharic
words we have applied this normalization.

6.5 Morphological Analysis

Morphological analysis of highly inflected languages is a
non-trivial task and Ambharic is one of the most morpho-
logically complex languages [Mesfin and Yaregal, 2014b].
At this stage, we have reduced morphological variants of
Ambaric tokens to their representative morpheme by remov-
ing affixes. To do this morpheme extraction process, we
have used the hybrid technique of our root analyzer algo-
rithm with HornMorpho [Berhane, 2011]. The reason for
a hybrid of such methods is to handle words that are not ana-
lyzed by HornMorpho and to enable the analyzer to work on
document-level analysis.

6.6 Sentence Labeling

Labeling the segmented document automatically to its target
as complex or non-complex is our aim in developing new
Ambaric sentence annotator tool. The automatic annotation
is done by checking each segmented and preprocessed sen-
tence whether contains a complex term or not, if the sentence
contains a complex term, it will be labeled as complex, oth-
erwise, labeled it as a non-complex sentence and added to the
dataset. Using the annotator tool instead of a human anno-
tator has a significant advantage in terms of dataset balanc-
ing, time-saving, and accuracy. The tool helps us to easily
know the complex term distribution in sentences beyond this,
it takes an average of 3 minutes to check the sentence that
contains complex terms from 10 pages of the document and
annotate it automatically, however, when we use a human an-
notator, it takes an average of 45 - 55 minutes to complete the
annotation. In addition to time, human annotators make more
mistakes than the annotator tool [Robert, 2016]. Using this
tool, we have collected a total of 26.4k sentences with 13,218
sentences labeled as complex and 13,172 sentences labeled as
non-complex.

6.7 Feature Extraction

To build a machine learning model for Amharic text com-
plexity classification, it is necessary to apply feature extrac-
tion operations on text data to transform it into a computer-
understandable format. We converted the preprocessed text
into a numeric format using Word2Vec, which leverages in-
formation about the co-occurrence of words in a text cor-
pus [Booij, 2014] for Long Short-Term Memory and Bidi-
rectional Long Short-Term Memory models. For the early
emerged pre-trained model Bidirectional Encoder Represen-
tations from Transformers, we utilized its embedding layer
by assigning 24,148 unique vocabularies from the dataset to
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the layer. This Bidirectional Encoder Representations from
Transformers embedding facilitates the extraction of sentence
features containing up to 512 tokens and effectively captures
the semantics of long sentences.

7 Classification Models

Training machine learning models to classify documents as
complex or non-complex was the next step after prepro-
cessing the dataset and representing it as numeric vectors
by computing the linguistic features of the text. Recently,
emerging deep neural network models, such as Long Short-
Term Memory, Bidirectional Long Short-Term Memory, and
transformer-based models like Bidirectional Encoder Repre-
sentations from Transformers, have been used for Amharic
text complexity classification. These models have gained sig-
nificant attention due to their ability to learn complex pat-
terns without requiring expert-designed features, as well as
their capacity to generate semantically meaningful and con-
textually rich representations of textual data [Mulugeta and
Gasser, 2012]. Previous studies have applied both classical
machine learning and deep learning models for Amharic text
complexity classification using relatively small datasets [Ni-
gusie and Tegegne, 2022a]. One major challenge identified in
these studies is the dataset collection and annotation process,
which limits the ability to train these models on large-scale
data. To address this issue, an automated data collection and
annotation process is essential, which motivated us to develop
a new Ambharic text complexity annotation tool and integrate
it with classification models.

7.1 Experimental Result of Deep Learning Models

While classical machine learning models do not scale well
to large datasets, we conducted experiments using recently
emerging deep learning and pre-trained transformer-based
models to better capture the semantics and sequential
features of the data [Mulugeta and Gasser, 2012]. The
pre-trained Bidirectional Encoder Representations from
Transformers model has achieved state-of-the-art results in
Natural Language Processing classification tasks and outper-
forms most feature-based representation methods [Nigusie
and Tegegne, 2022b]. To train the Bidirectional Encoder
Representations from Transformers model, we fine-tuned its
base parameters by adding two hidden layers with 64 and 32
neurons, respectively, and an output layer with two neurons
one for the complex class and the other for the non-complex
class on top of the base model. The experiments for these
three deep learning models were conducted using a dataset
of 26.4K sentences, following the 80/10/10 data split rule,
21,375 sentences for training, 2,639 for testing, and 2,376
for validation. The Bidirectional Encoder Representations
from Transformers model, pre-trained on a large corpus and
fine-tuned for specific tasks [Nigusie and Tegegne, 2022b],
shows better performance in Amharic text complexity
classification due to its strong contextual understanding
capabilities. The model achieved a validation accuracy of
90.3% and a testing accuracy of 90%.
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The training accuracy and loss curves for this pre-trained
model is depicted in Figure 2.

The other two Recurrent Neural Network models, Long
Short-Term Memory and Bidirectional Long Short-Term
Memory, achieved classification accuracies of 84.1% and
86%, respectively.  When comparing the Bidirectional
Encoder Representations from Transformers model’s per-
formance with these Recurrent Neural Network models,
Bidirectional Encoder Representations from Transformers
demonstrated a significant improvement of the result. So
we can conclude that the pre-trained model Bidirectional
Encoder Representations from Transformers has better
Ambaric text complexity classification performance. When
we compare the result with previous studies on Amharic lan-
guage text complexity classification [Nigusie and Tegegne,
2022al, the newly trained model showed improved accu-
racy and flexibility to handle large features of the dataset.
Furthermore, this new annotation tool helps to introduce
objectivity for building the pre-trained classification model.
The experimental evaluation results of these deep learning
models is summarized in Table 1.

Model Precision Recall Fl-score Accuracy
BERT 90% 90% 90% 90%
BiLSTM 87% 86% 86% 86%
LSTM 85% 84% 84% 84.1%

Table 1: Experimental result of deep learning models.

Applying this deep learning model for text complexity
classification serves as a preliminary stage before proceeding
to the simplification model. Additionally, the classifier model
will be used to rank sentences based on their relevance to the
reader’s level of knowledge in education.

8 Complex Lexicon Detection Experiment

For complex lexicon detection in sentences classified as com-
plex by the neural network model, we trained a word em-
bedding model and evaluated its detection performance us-
ing sample sentences H7£C @0¢ (o°gn.ov4. 7T NLL
AN APThat 2194 = (Due to the increase in temperature,
the fire burns intensely). From this sentence, the complex
term @O (temperature) is identified by the model. The model
was trained using 1,113 unique vocabulary words selected by
Ambharic educational book authors from grades 9 to 12. We
set the hyperparameters, window size of 1, and epoch size of
5 for training the Word2Vec model. The model accurately
identified specific complex terms present in the sentences.

9 Lexical Simplification Experiment

The final goal of our research is to substitute the detected
complex lexicon with its simpler equivalent while consider-
ing the semantics and grammar of the sentence. To do this
we have trained word2vec and RoBERTa models using 57k
sentences using minimum of four contextual meanings to a
single complex term. For collecting these simplest equiva-
lents, we have used Ambharic dictionaries organized by Aleka
kidanewold kflies in 1948 [Kifle, 1956]. To consider the

46

semantics of sentences during substitution generation, the
Word2Vec model examines the context of the target word by
considering two words before and two words after the tar-
get word, using a window size of 5. We chose this window
size because based on our dataset increasing the number of
words considered can lead to generated simpler equivalent
terms that are less similar, making the substitutions more ir-
relevant to the context and 25 iteration of epoch size is used
for train it. In contrast, the ROBERTa model handles con-
text by randomly masking 15% of the sentence. The sam-
ple generated simple replacements for randomly selected test
sentences, and the similarity measures of these two simpli-
fication models are summarized in Table 2. As shown in the
highest-ranked result (second row of the table 2) for these two
models, the Word2Vec model demonstrates better word pre-
diction performance than RoBERTa. The lower accuracy of
the RoBERTa model can be attributed to insufficient training
due to resource limitations.

Sentence ‘Word2Vee RoBERTa

P Ok T AdrO0 0P04 oofid 1850 AR ACH- /78 0.87  AA(said) 0.54
Ahg® Ahg® (LA hOTPFD APT QPC 77 he,hege =
MA@ (1P (165 PEA @Y hovmali LAAN OPar (1572 092 oY 0.17
ehmAFurs
107 AgPEmC PO hoegTF §Fa T 0.67  hhdh 0.009
Naorege WY aops@y 44 ARPRS ARTIAE ®F HAR 084 T 0.06
WA om0 T WO AU R0AS :

hCAmE 053 e 0.08

Table 2: Substitution generation result of Word2Vec and RoBERTa
models.

Based on the experimental results of the two models, we
concluded that the Word2Vec model performs better than
RoBERTa in generating simplified terms for Amharic com-
plex text. The candidate word generation by the Word2Vec
model, using cosine distance, for the sample complex term
®0P (Temperature) detected in the sentence from second
rows of Table 2. Generating this list of candidate words man-
ually is challenging because the model selects replacement
terms based on cosine distance, which is computed from a
large volume of data. Manually or rule-based ranking of
these candidate terms is impractical, as shown in Figure 2,
where the terms are ranked based on their proximity to the
complex term @(% (Temperature).

The ability to simplify large volumes of text by consid-
ering the semantics is a significant advantage of this deep
learning-based simplification model.

10 Conclusion

In this work, we applied both the complexity annotator tool
and machine learning models for Ambharic text complexity
classification and simplification. The motivation behind this
work stems from the lexical complexity of the Amharic lan-
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Figure 3: : Substitution generation of the word2vec model using cosine similarity.

guage, which poses challenges for low-literacy readers and
NLP applications, such as machine translation. For instance,
when we tested one of the popular machine translation sys-
tems, Google Translate, it inaccurately translated sentences
containing these complex terms. To build the classification
models, we collected 26.4k sentences using the sentence
annotator tool in collaboration with human annotators. The
tool filters sentences containing complex terms from large,
unlabeled Amharic documents. For the classification task,
we experimented with deep learning models, including
LSTM, BiLSTM, and BERT. Based on the experimental
results, the pre-trained BERT model achieved the optimal
classification accuracy (90%) for Amharic text complexity.
To generate the simplest equivalent for the detected complex
terms, we trained both Word2Vec and RoBERTa models.
The Word2Vec model demonstrated better performance in
simplification generation by achieving 92% accuracy for
the first-ranked terms and 53% for the lowest-ranked terms
out of the five top-generated simpler terms. In contrast, the
RoBERTa model scored 54% for first-ranked terms and 0.9%
for the lowest-ranked generated words. The main contri-

butions of this study include improving dataset collection
consistency, enhancing annotation quality, identifying text
complexity as a challenging task for ML applications such as
machine translation, and generating the simplest equivalent
sentence for complex text while preserving its grammar.
Additionally, syntactic and morphological complexity in
Ambharic text are other areas that need further study in the
future.
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