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Abstract. Amharic documents tremendously increase after the proliferation of
the internet. It uses a variety of lexicons to organize the document. Some of them
may not be familiar to second language learners and low literacy readers which
can cause difficulty to comprehend the idea. Text complexity is focused on how
difficult or easy a text is to read and understand based on the reader’s level of
knowledge. The appropriateness of text for a certain learner group needs to be in
line with their proficiency level. A document that contains complex lexicons can
also reduce the performance of NLP tasks such as machine translation. Studying
the complexity classification model for the Amharic text helps in solving text
complexity for a target population and NLP applications. In this paper, we have
developed a complexity classification model for Amharic texts using supervised
machine learning. For the experiment, 5126 sentences are used. TFIDF and BOW
with bigram language modeling are applied for vectorizing the text document and,
Support Vector Machine (SVM), Random forest (RF), and Naive Bayes (NB)
algorithms are used for the experiment. SVM has better classification accuracy
with a result of 87.1% using bag-of-words (BOW) feature extraction and 10-
fold cross-validation. The RF and NB algorithms score an accuracy of 83% and
80.3% respectively. For error analysis, we have used Mean Square Error (MSE)
and Root Mean Square Error (RMSE) metrics. In this study, we have addressed
the classification of Amharic text complexity. The simplification process of such
identified complex texts is our recommendation for future research works.
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1 Introduction

Natural language processing (NLP) is one of the emerging areas in the machine learning
research community (Santucci et al. 2020). It is applicable in many application areas
such as text classification for automatically understanding, processing, and categorizing
text data, Information extraction, and sentiment analysis. To present language learners
and low literacy readers with texts suitable to their level the morphological, lexical,
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syntactic, and discursive complexity of a text is to be considered. NLP became interested
in automatically classifying the complexity of a text, typically using lexicon features is
a key solution for presenting documents appropriate to concerned bodies (Kurdi 2019).
Text documents utilize a wide variety of vocabularies, some of those words seem to be
unfamiliar to low literacy readers and increase document complexity. This complexity
is the degree of difficulty in reading and comprehending a text, which can be determined
based on a variety of characteristics such as familiarity of words, knowledge demands,
and the educational background of readers. The appropriateness of a text for a certain
learner group needs to be in line with the proficiency level of the learners (Knapp and
Antos 2016).

Lexical complexity is one of the text complexity issues that can happen due to the
existence of unfamiliar words in the document and it plays a critical role in readabil-
ity, particularly for children second language learners and poor readers because of their
laborious interpreting and word recognition skills (Gala and Ziegler 2016). Classifying
documents that contain complex lexicons which are considered hard to understand for a
target population is a vital step for text simplification (Shardlow et al. 2020). Text com-
plexity classification help to provide documents that can appropriate for certain readers
and to make information more accessible to a large variety of people with low literacy
levels including children, non-native speakers, and people with cognitive disabilities
(Rello et al. 2013) furthermore text complexity classification is a valuable preprocessing
stage for different NLP tasks, such as machine translation (Sulem et al. 2018), relation
extraction.

The Ambharic language is a Semitic family and morphologically rich language which
is largely spoken in Ethiopia. Like other languages, the Amharic language is also one
research area for many NLP applications. Amharic documents can be organized using a
variety of words (lexicons). Some of the lexicons in the document may not be familiar
to certain readers which can cause difficulty to comprehend the idea of the content for
second language learners and low literacy readers (Belete et al. 2015). Ethiopia Early
Grade Reading Assessment study which was conducted in 2010 and 2018 for 6 languages
in Ethiopia, such as Ambharic, Somali, Tigrinya, Afan Oromo, Sidamigna, and Harrigan.
The study targeted grade 2 and grade 3 students. The assessments included letter sound
fluency, naming fluency of unfamiliar words, reading comprehension, and the ability of
listening comprehension. Fidel naming fluency in grade 3 scores are significantly higher
than those of grade 2 however children in all languages have limited skills in reading
and understanding new and unfamiliar words (Yigzaw 2018). To overcome the issue
of text complexity many researches are conducted for different languages such as Text
Complexity Classification Based on Linguistic Information for Italian text (Santucci
et al. 2020), Efficient Measuring of Readability to Improve Documents Accessibility for
Arabic Language Learners (Bessou and Chenni 2021). However, the complexity of text
depends on the language script, structure, and morphology. So, studying the complexity
classification model for the Amharic language helps in solving text complexity for a
target population. It can also help to improve the performance of NLP applications,
such as parsing, information extraction, and Machine translation (Sulem et al. 2018).
Furthermore, classifying Ambharic text complexity is the base for future research work
on text simplification. Due to unavailability of such a complexity classification model
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for Amharic documents, we have developed an Ambharic text complexity classification
using a supervised machine learning method. In this paper, we have compared different
supervised machine learning algorithms for classifying Amharic documents that contain
complex lexicon using Term Frequency-Inverse Document Frequency (TFIDF) and Bag-
of-Word (BOW) feature extraction techniques.

2 Related Work

Recently due to the increase in the availability of text documents, machine learning-
based text classification becomes one of the key techniques for organizing text data
(Gasparetto et al. 2022), by exploiting a supervised learning method to assign prede-
fined labels to documents based on the prospect suggested through a trained set of labels
and documents (Zhang et al. 2008). One application area of those supervised machine
learning algorithms is text complexity classification. Measures appropriateness of text to
particular readers widely in the education field to select texts that match a learner’s under-
standing level and to support educationalists in conscripting textbooks and curricula that
much with students (Review 2021). Text complexity measurement and classification are
key in a variety of NLP applications such as sentiment analysis, text simplification, and
automatic translation for non-native readers of the language farther more the suitability
of a text for a certain learner group should be in line with the proficiency level of the
learners (Knapp and Antos 2016).

Measuring the complexity of a text using a supervised classification model by using a
dataset of texts produced by linguistics and language experts for evaluating the language
abilities of non-native speakers of Italian (Santucci et al. 2020). They have used 692
sentences which have 336,022 tokens and 29,983 unique tokens collected from certifi-
cation materials. Based on their evaluation Random Forest and Support Vector Machine
resulted better than other models with an accuracy of 72.5% and 71.7% respectively.
Automatic text complexity classification model they proposed helps to introduce objec-
tivity in teaching tasks. The use of semantic features and automatic augmentation for
syntactic is uncovered tasks in the study.

The study conducted in reading for Ethiopia’s achievement developed monitoring
and evaluation (Read 2019), which concerns the subtasks of familiar words reading, new
words reading, and reading comprehension of early-grade students. For the study, the data
is collected from 459 schools and evaluated by 17,879 students in grades 2 and 3. Their
result helps to determine students’ understanding of the text and their ability to answer
factual questions and make inferences based on what they read. So, using familiar words
concerning student’s grade level is help students easily read and recognize a text which
is their part of the conclusion. Supervised machine learning methods for identifying
Arabic text complexity using both count and TF-IDF feature representation techniques
and applied NB, LR, SVM, and RF (Bessou and Chenni 2021). Based on the author’s
experimental result SVM achieves the optimal result using TF-IDF Vectors trained by a
combination of word-based unigrams and bigrams. The accuracy of the selected model
was 87.14%. Covering additional domains for exploring deeper features like syntactic
and semantic features by increasing the corpus is their future research direction.
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3 Methodology

In this research work, we have followed an experimental research design for Amharic
text complexity classification for manipulating the effect of different variables such as
dataset size, text preprocessing, and feature representation technique on the result of the
accuracy of such Amharic text complexity classification task. The following phases are
the main components of our work dataset collection, dataset annotation, preprocessing,
word representation, train machine learning model, and evaluate the performance of the
model.

3.1 Ambharic Text Dataset

The dataset for the Amharic text complexity classification task using a machine learning
model is collected from academic textbooks (from grade 6th to grade 12th), fiction,
and social media sources. These sources contain complex text identified by linguistics
and book authors (Endalemaw et al. 2012). We have used such resources because, for
appropriate data collection it is better to determine what types of data and sources
are needed (Muhammad and Kabir 2018). Such dataset collection process is the main
component of our research work that needs to be collected and analyzed appropriately.
In addition to this, we have conducted a sample survey evaluated by three Ambharic
lingusts. The survey contains six pages of Amharic text which was randomly taken from
written material such as student textbooks, news, and fiction for the reader to identify
the sentence that contains unfamiliar words from the paragraph.

As we evaluated we found that 123 sentencess are indentified that contains complex
terms by all three annotators. They have identified sentences that contain words like
09, 1159, and A"Paa. Then based on the respondents we have collected a total of 5126
sentences, half of such sentences contain a complex word that is labeled as complex and
the rest are labeled as non-complex texts. Then before we vectorize the text data and
train the machine learning model we have applied different preprocessing stages for it.

Text Preprocessing. This stage is a very common task in NLP applications even the
way of preprocessing is depending on the type of dataset and the language. We have
used different preprocessing stages for our dataset because we have collected the dataset
from different sources which contains noise in various forms like special characters,
punctuation, different writing formats, and common words (the words which are not
content bearing). To develop an optimized model, appropriate data are required, and
preprocessing is a vital part of acquiring such data (Woo et al. 2020).

Tokenization. At this stage segment the annotated Amharic dataset into a list of tokens.
The process is performed for both the training and testing dataset and removing special
characters like , =, i, 7, ‘I’because the existence of these characters does not have a
significant contribution to increase the performance of the classification model rather it
increases irrelevant features at the time of model training.

Stop-word Removal. Eliminating those stop-words from our dataset not only saves
time but also reduces the size and vector space of the text. In many natural lan-
guage processing applications, an appropriate stop-word extraction technique is required
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(Kaur 2018). Our aim in this stage is to remove low-level information, allowing
us to focus on the most important information. The existence of these stopwords
results in reduce the performance of the model (Qiang et al. 2016). Words like
sle(nd), wede(®@L), new(1®@-), neber(1NC)are removed from our tokenized dataset.

Normalization. Some Ambharic words can be written in a different format for the same
representation and function (homophones). To reduce such word variation, we have
transformed those words into a single representation (homophone normalization). Due
to historical sound changes, some of the graphemes that represent different sounds in
Ge’ez are now pronounced the same in Amharic. For example, the phoneme /h/ can be
represented by the <u>, <ch>, <ch>, and <7>series of graphemes (Zupon 2019) to reduce
such Fidel variation in Amharic words we have applied this normalization stage.

Morphological Analysis. Morphological analysis of highly inflected languages is a non-
trivial task and Ambharic is one of the most morphologically complex languages (Goebel
2014). At this stage, we have reduced morphological variants of Amharic tokens to their
representative morpheme by removing affixes. To do this morpheme extraction process
we have used the hybrid technique of our root analyzer algorithm with HornMorpho
(Gasser 2011). The reason for a hybrid of such methods is to handle words that are
not analyzed by HornMorpho and to enable the analyzer to work with document-level
analysis.

Feature Extraction. To build a machine learning model for Amharic text complexity
classification, it is necessary to apply feature extraction operations on text data, in order
to transform it into computer understandable format (Gasparetto et al. 2022). This stage
is a very common part of the machine learning model building process because to train
the models the feature should be represented in numeric format. We have converted
the preprocessed text to numeric format using Term Frequency Inverse Document Fre-
quency (TFIDF) which is the most commonly used feature weighting technique for many
research (Das et al. 2021) and Bag of Words (BOW) with bi-gram language modeling to
handle the context and order of the tokens. Those techniques are common and popular
feature representation techniques for supervised machine learning models.

N-gram Language Modeling: The N-gram language model helps to predict the proba-
bility of a given N-word within any sequence of words in the language. We have used
this language modeling for handling the sequence of words in the document and exper-
imented with selected machine learning models based on the feature extracted using
TFIDF and BOW (Katona et al. 2021). Specifically for our study, we have used the
bigram feature by considering the sequence of two adjacent elements of tokens (Nur-
maini et al. 2021), for the arrangement represents of n-gram for n = 2 (Gbenga et al.
2021). The frequency distribution of each word in the training dataset is considered using
such bigram language modeling and is used for context handling. The bigram model that
we have used approximates the probability of a word given all the previous words, by
using only the conditional probability of the last preceding word (using two words to
predict the probability)
p(wn — 1, wn)

p=WylWy_ )= Town—1) (D
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where P is the conditional probability of the chosen feature (word) w.

3.2 Classification Model

Train machine learning models for classifying the document as complex or noncomplex
were the next task after the dataset was represented in the form of a vector. Since the text
dataset is converted to a multi-dimensional numeric vector representation by computing
the linguistic features of text, it is now possible to train the required model. We have
applied the classification model to analyze text and then assign a set of predefined
tags or categories (complex or noncomplex) based on the context of the document. For
this binary classification task, supervised machine learning algorithms are used. We have
selected such supervised machine learning models because, under limited computational
complexity of data, classical machine learning models outperform than deep learning
models (Lietal. 2021). To compare and select the appropriate classification algorithm, we
have trained Support Vector Machine, Random Forest, and Naive Bayes, using selected
BOW and TFID feature extraction techniques with bigram language modeling.

4 Experiment

We have conducted an experiment on three supervised machine learning algorithms to
compare and select appropriate classification models using 5126 Ambharic sentences.
The 85/15 dataset split rule is applied to experiment the models. We have selected this
85/15 split instead of 90/10, 80/20, 75/25 because when we experimented using these
different split ratios, during the 85/15 ratio we have a balanced feature distribution (37126
features for training and 6442 features for testing) and we have got better classification
accuracy. So this split ratio is selected rather than others. For cross-validation, we have
used 10-fold cross-validation technique to take single validation data in every 10 intervals
of training data. It is a preferred validation technique for our model because when we
increase the k-fold size the validation size is too small and it is not preferred to measure
the progressive improvement of the model. The dataset distribution for the experiment
is summarized in Table 1. To handle the context by assigning a weight to every term
that appears in each document bi-gram language modeling was applied. The experiment
was conducted using Support Vector Machine, Random Forest, and Naive Bayes by
setting some hyperparameters. These selected models are trained using TFIDF and BOW
feature extraction with bi-gram language modeling. The performance of those models
is evaluated using precision, recall, f1-score, and accuracy.

Table 1. Dataset distribution for the experiment

Dataset split Dataset size (sentences) Total tokens Unique features
Training data 4,357 37,126 7,011
Testing data 769 6,442 2,527
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4.1 Experiment-1 Support Vector Machine

‘We have used degree of optimization (C = 0.9), flexibility control of the decision bound-
ary (degree = 1) to train the SVM model, small value for boundary decision is applied,
because we have binary classification operation which does not need higher degree of
flexible decision boundary, and linear kernel which is common kernel type for clas-
sifying the two categories belonging classification sub-task (Gasparetto et al. 2022).
The training performance of the model is validated using 10-fold cross-validation. The
overall training accuracy of Support Vector Machine is summarized in Table 2.

Table 2. SVM experimental result

Feature extraction | N-gram | K-fold cross validation | Test accuracy | Validation accuracy
BOW 2 10-fold 87.1% 85%
TFIDF 2 10-fold 83.4% 81%

4.2 Experiment-2 Random Forest

Random forest is an ensemble learning algorithm that are robust to noise (Cogkun et al.
2011). We have experimented random forest algorithm using similar dataset with SVM.
The classifier has many advantages i.e. It handles more input variables and which is
lighter than other ensemble algorithms (Rodriguez-Galiano et al. 2012). In the training
phase, the required hyperparameters such as the number of trees the model build before
averaging the predictions (n_estimators = 10), random state of 3, to control the random
sample for each sub node are considered see detail experimental result of RF in Table 3.

Table 3. Random Forest experimental result

Feature extraction | N-gram | K-fold cross validation | Test accuracy | Validation accuracy
BOW 2 10-fold 83% 82.5%
TFIDF 2 10-fold 68% 78%

4.3 Experiment-3 Naive Bayes

In addition to SVM and RF, Navie Bayes is also trained for such text complexity classi-
fication tasks. The algorithm is working based on conditional probability and indepen-
dence assumptions (Coskun etal. 2011). Its assumption is based on the occurrence or non-
occurrence of a particular attribute. The result presented in Table 4 is the classification
accuracy of NB model using two feature extraction methods.
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Table 4. NB experimental result

Feature extraction | N-gram | K-fold cross validation | Test accuracy | Validation accuracy
BOW 2 10-fold 80.4% 78.2%
TFIDF 2 10-fold 78.8% 76.7%

5 Result and Discussion

Ambharic written materials such as academic textbooks utilize a wide variety of vocab-
ularies to organize the document, some of those words seem to be unfamiliar to low
literacy readers. The presence of unfamiliar words in sentences decreases the reading
performance of low literacy readers by 18% (Sauvan et al. 2020), and 73% of the review
indicated that increasing text complexity, decreases the reading rate and reading com-
prehension (Spencer et al. 2019). The appropriateness of a text for a certain learner needs
to be in line with their proficiency level (Knapp and Antos 2016). To detect this text
complexity issue for one of morphologically reach language Amharic we have devel-
oped Ambharic text complexity classification model using supervised machine learning.
We have conducted experiments on SVM, RF, and NB using 5126 Amharic sentences
collected from different sources and annotated by experts. TFIDF and BOW feature
extraction techniques are applied for vectorizing the dataset. To consider the context
during feature extraction bi-grams language modeling is used because TFIDF and BOW
do not capture semantics co-occurrences of tokens. Based on the experimental result
the models have better classification accuracy using BOW feature extraction that 87.1%
(SVM), 83 (RF), and 80.4% (NB).

To see the improvement progress of the models we have trained them using 40
iterations of sampling (we have increased the training data size by 60 in each iteration)
with 10-fold cross-validation. As shown in Fig. 1 the training performance of the models
is converge to similar progressive update results after the dataset size reaches 3750,
because the models handle maximum feature to be train (Mukhamediev et al. 2021).
Similarly as shown in Fig. 2 the training loss is also improved (decreased) untile it
reaches the maximum feature.

Accuracy

RF
o.s0 — NB

1s00 2000 2500 3000 3500 4000
*:

Fig. 1. Training accuracy of SVM, RF and NB
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0.50 — svm
RF

1500 2000 2500 3000 3500 4000

Fig. 2. Training loss of SVM, RF and NB

When we see the overall classification performance of the models, the SVM has
better classification accuracy than the other two models (see in Table 5). The reason for
SVM model has better accuracy for Amharic text complexity classification is that it has
convex optimization to find global minimum and our dataset has high dimensional fea-
ture that SVM is aproperate for such feature (Pappu and Pardalos 2013). It has also the
ability for automatically minimize over-fit problems (Jakkula 2011). The overall classi-
fication performance of these three selected supervised machine learning algorithms is
summarized in Table 5.

Table 5. Classification performance of three selected models using BOW feature extraction

Model Precision Recall fl-score Testing accuracy Validation accuracy
SVM 88% 87 % 87 % 87.1% 85%

RF 87% 83% 83% 83% 82.5%

NB 81% 80% 80% 80.4% 78.2%

As we have seen recently conducted works for classifying text complexity such as
automatic classification of text complexity for Italian language (Santucci et al. 2020),
their experimental result on RF and SVM scores an accuracy of 74.1% and 72.7%. Rea-
sonably we can say that the model that we have developed for Amharic text complexity
classification task achieves state-of-the-art result. In our experiment, the accuracy of
SVM is better than RF because our desired problem is binary class classification task
that SVM with the linear kernel is better to easily separate two classes using a hyperplane.

5.1 Error Analysis

In some cases, these machine learning models are potential of susceptible to bias and
some error prediction. To identify such causes for further model improvement evaluating
uncertainty of the experimental result of the model is important (Chhetri 2012). In this
section, we have discussed the error analysis of Amharic text complexity classification
models. When we evaluate the model using confusion matrix and error metrics such
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as MSE and RMSE it has some falsely predicted results, which is caused by the algo-
rithm’s internal nature and the dataset nature. When the dataset is increased the training
performance of selected algorithms are increased up to 3750 dataset size. Beyond this,
the models are not significantly improving their training accuracy due to the maximum
feature handling capacity of such supervised machine learning models.

The other point that cause the model falsely predicted the sentence is the existence
of major tokens vector in the opposite of the actual label training dataset, for exam-
ple, the sentence
OF+AL AGO AN PAGSN P85 PG hOAT P84S PAt ARD TACT 0oL HGT Hits
actual label is complex however the models predict it as noncomplex because
of the tokens A&dh, &&F, AatF, 8D and d-texisted more frequently in the non-
complex training dataset, which means from the total of 7 tokens in a sentence
(A%.0 AN A§SN aP8G 8T AT ALD 4ott)after preprocessed 5 of the tokens vector is high
in noncomplex data than complex data that cause the model to miss classified it. To eval-
uate the overall error rate of these models we have used confusion matrix, MSE, and
RMSE evaluation metrics. Such metrics help us to measure the amount of error the
machine learning models do by assessing the average squared difference between the
actual labeled value and predicted values. The smaller the value of the MSE, the machine
learning is the best fit (Khan and Noor 2019). By using the mathematical representation.

y=y
n

RMSE = vMSE 3)

MSE =

2

The models are tested using 769 unseen sentences and the result evaluation of
these models using confusion matrix, mean square error and root mean square error
are visualized in Table 6 below.

Table 6. Error analysis result of selected algorithms.

Model False positive False negative MSE RMSE
SVM 18 81 13% 36%
RF 2 129 17% 41%
NB 93 58 20% 44%

As presented in the table above (Table 4), from the total of 769 test datasets 99
sentences are misclassified by the SVM model, 131 sentences falsely predicted by the
RF, and 151 sentences by the NB model. Some of the reasons for such misclassifications
are like token duplication in both complex and non-complex datasets.

6 Conclusion and Future Work

In this study, we have developed Amharic text complex classification model by employ-
ing three supervised machine learning algorithms (Support Vector Machine, Random
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Forest, and Naive Bayes) with different hyperparameter setups. For the experiment of this
study, we have used 5126 sentences. The feature of the dataset tokens represented using
TFIDF and BOW with the n-gram language modeling feature extraction technique. The
experiment results indicate that SVM (87.1%) has better classification accuracy com-
pared to RF (83%) and NB (80.4%) algorithms. Both SVM and RF achieves state of art
classification accuracy when we compare the work conducted on Automatic Classifica-
tion of Text Complexity with the accuracy of SVM (72%) and RF (73%). To compute
the error rate of the selected models we have used mean square error and root mean
square error analysis and we have got the misclassification rate of 13% SVM, 17% RF,
and 20% NB of mean square error. In this study, we have focused on the classification
of text complexity, the simplification process of such detected complex texts through
substituting the complex lexicon with its simpler equivalent, and address the syntactic
(considering spelling and grammar) and morphological complexity of Amharic text are
our recommendations for future research works.
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