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Abstract

Automated translation of information regarding English language has become imperative in this worldwide phenomenon. The erstwhile
methods of performing Extract, Transform, and Load (ETL) of data involve a lot of manual effort besides taking a long time and being
error-prone. A linguistics-based deep learning approach is proposed to improve the efficiency and accuracy of ETL for automated
translation of English language data. The particular approach is focused on the adoption of deep learning techniques for automatically
processing and translating data in English language without extensive manual intervention. In conjunction with this, it provides the use of
linguistics knowledge, such as syntax, semantics, and grammar, for building an accurate deep learning model for the
extract-transform-load process of being applied in the translation process. The method has also proved to be promising in experimentation
with results competing favorably with common ETL methods speed and accuracy and showing good scalability. Linguistic insights in
combination with deep learning have created for the specified approach the possibility of bringing efficiency, accuracy, and automation to
the translation of the English language.
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1. Introduction

Machine translation, or automated translation, refers to translation via computer algorithms that automatically translate text from one
language into another without any human involvement. Moreover, the growth of machine translation in recent years has been very promising
due to advances occurring mostly in Natural Language Processing (NLP) and Artificial Intelligence (Al) technology (Seenivasan, 2021). The
impartial of automated translation is to communicate the meaning passably and the intention of the source language text into the target
language (Tanasescu et al., 2022). However, building a system capable of passably translating the natural language is a difficulty
characterized by the complex and ambiguous nature of human language. The automated translation system analyzes the input text based on
semantic structures, grammar, and the other rules to convert the input into output text in another language (Boulahia et al., 2024). Statistically,
it involves training the system on substantial bilingual data for learning and familiarization with patterns of language use. Newly suggested
data is used for processing the new text and predicting the meaning and structure of the text being processed (Katari, 2019). The other one is
rule-based translation; it employs a fixed set of linguistic rules and dictionaries for interpreting the text. One main constraint of automated
translation is the polysemy that exists within the natural languages. Words would usually mean different things to English Language Learners
(ELL) based on how they were used contextually (Mallek et al., 2023). For example, the word 'bank' could refer to either a financial
institution or to land along the edge of any river. For the resolution of such ambiguities, automated translation systems would use syntactic
and semantic analyses that can discern the most probable meaning of a word in a context. Another challenge is that there exist inconsistencies
in grammatical and syntactic structures among various languages (Lin & Kolcz, 2012; RD & KS, 2024). For example, Chinese and Japanese
do not allow for spaces to separate words, causing difficulty for the automated translation systems to correctly identify them as distinct
linguistic items (Safder et al., 2024). Advanced systems overcome this problem by using intricate neural networks and algorithms to identify
different language structures and to locate word boundaries (Wirth et al., 2023). Idiomatic expressions, cultural references, and contextual
knowledge also put the greater challenge on automated translation system. These elements are rather deeply ingrained in their language and
therefore hard to fathom for machines without human input. Thus, some systems create cultural and linguistic information databases to
compensate for these problems in translation (Lee & Shin, 2020). Since very big advances have been made in automated translation
application, it is not yet the ideal scenario. The real factor that governs translation accuracy is the quality of input data, alongside the difficulty
level of the source and target languages (Zhou & Shi, 2024). Highly inflected languages, such as Russian or Arabic, are much more defective
for translation errors.
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ETL (Extract, Transform, Load), being at the heart of automated translation processes concerning English language data, indeed plays a
pivotal role in enhancing the efficiency and accuracy of the translation process by overseeing extraction, transformation, and loading of
data from different sources into one single system for translation. The first step in the ETL process is data extraction (Zhang, 2023). This
consists of locating and retrieving data from various sources, including databases, websites, documents, and spreadsheets. In automated
translation, these can include massive amounts of English-language texts from various industries, including news articles, product
descriptions, social media posts, and the like (Bai & Zhang, 2025). This extraction may be handled automatically with specific tools and
software that can appropriately handle the large scale and complex nature of data sets. After extraction, however, it is once again
transformed into a usable format for translation (Ju & Salvosa, 2024). This is where the capability of ETL comes in. Data may come from
various sources and in various formats, e.g., a text file, HTML file, PDF document. It may include varied languages and variations of
English; for example, American English and British English. During transformation, all these diverse data source inputs will be converted
into a unified format easily understood by the translation system (Xuan, 2024). Primarily, the process involves standardizing text
encoding, stripping off unnecessary characters or HTML tags, and normalizing the language into a single form of English. All these
additional data cleansing steps, like eliminating duplicates, can further enhance data quality and lessen any chances of incurring
translation errors. Once the data has been extracted and transformed, it is ready to be loaded into the translation system. The loading
process refers to importing the data into any translation system, either machine-translation-based or human-translation-based (Han, 2024).
The Key originality aspects of the research have the following points:

e  The proposed research deals with a new method of ETL, bringing together linguistic aspects and deep learning tools. The method
considers the linguistic structures of data and deep learning algorithms for their auto-translation so as to maximize the accuracy and
efficiency of the ETL process.

e The translation of English language data being really important in data integration towards multilingual applications is what the
research proposes to automate. The proposed method allows deep learning models to automatically assist in the translation of large
volumes of data, without human intervention, hence saving time and resources.

e The climbing scholars of the proposed research assert that the approach linguistics-deep learning is much superior to the classical
ETL processes in the dimensions of accuracy and efficiency. This is achieved mainly by taking advantage of data linguistic structure
and deep learning in learning and adapting to multiple language patterns. This holds significant importance for companies and
corporations that are engaged with large volumes of English language data and are required for accurate and efficient data
integration.

2. Related Works

This continuous and ongoing evolution of technology has propelled automated translation into becoming ever more complicated and
dynamic. Progress has been made over the past few years in the field; nevertheless, so much more remains to be done to improve the
accuracy and effectiveness, however, it has undoubtedly altered the ways of communications and has much potential in breaking up the
language walls and opening avenues of cross-cultural understandings (Jiang, 2024). Most deep learning models need to be fed with
significant amounts of data for appropriate training. Convert English-language data records into full and inappropriate automated
translations gets quite a complicated scenario because the number of small data becomes highly multiplied for every new language. This
has made it considerably difficult to put together and maintain high-quality, large datasets, thus creating a cause for major computational
challenges (Sharif et al., 2021). The deep learning models fail to perform when faced with extremely rare and out-of-vocabulary words
(Lin, 2024).. The model has not been trained on the words, and so does not know how to translate out-of-the-vocabulary word (R. Wang,
2022). In the context of automatic translation, it refers to an entirely arbitrary challenge because specific languages may even look
different in rare words that do not exist in the training data, leading to inaccurate translated outputs (Kundu et al., 2018).

The role of ETL in automated translation covers the extraction, transformation, and loading of various sources of data into one translation
system (Kong & He, 2025). It thus guarantees accuracy and efficiency in the translation process by converting data into a single format
and loading it into the system without error. Data privacy laws adherence also makes it an essential aspect of the entire automated
translation process (Wang et al., 2020). ETL ensures the data is correctly mapped and loaded into the system without errors. The
aforementioned step is critical in terms of maintaining integrity and accuracy within the translated content. Improper loading may cause
its entries to fail to provide complete or accurate information, leading to inferior translation quality (Sharma et al., 2023). ETL is not a
process conducted only once but continuously. With real-time generation of data, this process has to be iterated for updating the
translation system with the freshest material, especially in such fields as news media or social media that require real time translation of
data (Guo, 2022). The role played by ETL in the automated translations is not limited to simply managing the data; rather, it goes a step
further into data governance and compliance (Kaczmarek et al., 2022). ETL ensures that any sort of sensitive or confidential data is
handled appropriately, such as removing any personally identifiable information before loading the data into the translation system (X. Y.
Wang, 2022; Ma et al., 2011). Factually, it is important in industria such as healthcare and finance, where data privacy regulation specific
(Shanthi et al., 2024; Sharma & Garg, 2021).

3. Proposed Model

Deep learning allows the neural network to work with complex data for analysis. It is widely used in areas like image recognition, speech
recognition, and natural language processing. One of the important areas of application in deep learning is in automated translation, which
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is the process of converting the text written in a given language into that of another. The construction of the proposed model is depicted in
the following Figure 1.

Figure 1. Construction of the proposed model

Given your awesome knowledge, the dataset class-A and dataset class-B are distinctions by which data sets may be categorized for
defining certain properties of the data sets themselves. Such a classification is essential as it makes it easy to locate and organize the data.
After setting up the dataset classes, the next step is loading the data into the system. The whole idea of loading data in this context
involves moving the data from its source to the designated storage space. This may be a database, a data warehouse, or any other
platforms available. Then the data is loaded and the change detection process takes place. This is the identification of what changes or
updates was made in the dataset since the last load. Certainly, an important part in ensuring that data is accurate and fresh because it tells
if something incoherent or different is presented. The change detection process will see the data pass through an ETL block. The specified
block connects various data systems and performs extraction, transformation into the common format, and storage in the given space.
Such a process enables the standardized data to be existed for broader analysis and reporting purposes. The Translation Authority comes
here. This is an important unit that helps renovating the data from one format to another so that it can be used by different applications
and systems. It guarantees that the data is accurate in translating and consuming more time, hence quite easy for all other systems to
analyze that data. Of course, the Encoder-Decoder architecture is the most preferred for automatic translation in deep learning. It has
proven capability and efficiency in dealing with real-life problems of large datasets, mostly giving accurate quality translations. However,
there are numerous computational problems, which will be discussed below, that have to be solved concerning using deep learning facility
automated translation of English language material.

3.1 Data Pre-processing and Cleansing

Most of the deep learning techniques would start with getting data preprocessed and cleansed-in that is cleaning and formatting the raw
data before feeding it to the neural network itself. Within automated translations, it is removing the noise, the special characters, and the
irrelevant words or phrases, making all the letters to lower case, and splitting it into portions of sentences or phrases. Therefore, the
particular part is much more important because it ensures that the data is aptly prepared for the neural network at such time so that it
draws a better grasp and processes it well.

3.2 Training Time and Resource Requirements

Training a deep learning model is a lengthy and resource-consuming job. The more complex the model and dataset, the longer it will take
to train. Automated translation can be a demanding task due to the number of parameters and high dimensionality of the dataset.
Furthermore, the huge computational resources needed for training processes would involve heavy processors and memory, which could
turn out to be a huge investment and an inaccessible one.

3.3 Selection and Tuning of Hyperparameters

Hyperparameters are plenty in deep learning models, which include learning rate, batch size, network architecture, etc., which must be
fine-tuned for optimal performance. In reality, however, the course is often tedious and requires lots of iterations of training through
various combinations of hyperparameters before the best option is identified. In particular, in the case of automated translation, it can pose
a considerable problem since the performance of the model is heavily contingent on the selected hyperparameters.
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Table 1. Performance on Different Text Lengths

Text Length (Words) BLEU Score Translation Accuracy (%) Inference Time (ms)
Short (10-20 words) 0.88 95.2 50
Medium (50-100 words) 0.81 92.7 80
Long (200+ words) 0.75 89.3 150

Table 1 presents an elaborate comparison of various performance parameters of the proposed model against different text lengths, measured
in terms of BLEU Score, Translation Accuracy (%), and Inference Time (ms). For smaller texts (10-20 words), it has been observed that the
model has obtained a very high BLEU score of 0.88 and a translation accuracy of 95.2%, with just 50 ms of inference time. These results
demonstrate the efficiency and accuracy of the model with suitable short inputs. The performance is well maintained for medium-sized texts
(50-100 words), yielding a BLEU score of 0.81 and a translation accuracy of 92.7%. There is a slight increase in inference time, being 80
ms, with the increment being attributed to the extra computational burden on longer inputs. On the contrary, the model manages to retain its
high accuracy and reliability. In the case of longer texts (200 words and above), a BLEU score of 0.75, translation accuracy of 89.3%, and
inference time of 150 ms were achieved by the model. Although the performance appears to have slipped a bit over a slight 10-point score
when compared to the shorter texts, it shows that the model performs better regardless, demonstrating its dexterity in handling lengthy and
complex inputs. The data suggest the scalability and adaptability of the model under various text lengths, which defines a solution to the
widely used real-time automated translation tasks. Table.2 and table.3 show the Real-Time Translation Accuracy for Short and Medium
Length Sentences, respectively, while Table.4 shows the Real-Time Translation Accuracy for Long Sentences.

Table 2. Real-Time Translation Accuracy for Short Sentences

Example Sentence (English) Baseline Translation (French) Linguistics-based Translation (French) (Proposed)  Accuracy (%)
"The cat is on the mat." "Le chat est sur le tapis." "Le chat est sur le tapis." 100%
"She enjoys reading books." "Elle aime lire des livres." "Elle adore lire des livres." 95%
"The weather is nice today."  "Le temps est beau aujourd'hui."” "Il fait beau aujourd'hui."” 90%
Table 3. Real-Time Translation Accuracy for Medium Length Sentences
. . . Linguistics-based Translation (French) Accuracy
Example Sentence (English) Baseline Translation (French) (Proposed) (%)
"The quick brown fox jumps "Le rapide renard brun saute par-dessus  "Le rapide renard brun saute par-dessus le 100%
over the lazy dog." le chien paresseux." chien paresseux." 0
He decided tg;rakkﬁ awalkinthe "Il adéidéde faluererz):rrée"promenade dans "Il a désidéde se promener dans le parc.” 95%
"The conference will start at 9 "La confé&ence commencera &9 heures "La confé&ence dédutera &9 heures 90%
AM tomorrow." demain matin." demain matin." 0

Table 4. Real-Time Translation Accuracy for Long Sentences

Linguistics-based Translation (French)

Example Sentence (English) Baseline Translation (French) (Proposed) Accuracy (%)
"Despite the heavy rain, the "Malgréla forte pluie, I'équipe a " . . o PN
team continued to practice for continuéas'entramer pour le Mal%{;ﬁ;#g? bj;taﬂte‘rgigzﬁerﬁafga tl!nuea 85%
the upcoming match." match avenir." P P )
"The scientist presented a "Le scientifique a pré&entéune " ientifi sentéune dé
groundbreaking discovery that deéesouverte réyolutionnaire qui _“Le scientifique a p_resentiune elc'ouve_rtg 90%
could change the future of pourrait changer I'avenir de la Innovante qui pourra[t trans Ic?rmer avenir de 0
i PGTRR la médecine.
medicine. mé&lecine.

"Aprés une longue journée de oA . . .
p gue Aprés une longue journée de travail, elle a

travail, elle a déidéde se déendre . > P 0
en regardant son énission de choisi de se deEe_nd’re en’rgg’arlcilant sa s&ie 95%
P P tde&vis& prédéeé.
téevision prééée.

"After a long day at work, she
decided to relax by watching
her favorite TV show."

Table 5 depicts a comparative analysis of the ETL pipeline efficiency between a baseline model and a linguistics-based deep-learning
approach. The baseline model takes 200 milliseconds for the data extraction phase, while the linguistics-based approach brings it down to
180 milliseconds, or 10% improvement. The aforementioned improvement can be attributed to the enhanced preprocessing and linguistic
feature extraction techniques adopted in the proposed methodology.

Table 5. ETL Pipeline Efficiency

Pipeline Stage Time (Baseline) (Lingui-ls—;irzg-based) Improvement (%)
Data Extraction 200 ms 180 ms 10%
Data Transformation 500 ms 350 ms 30%
Data Loading 100 ms 80 ms 20%
Total ETL Time 800 ms 610 ms 23.75%

The above data transformation requires 500 ms to the baseline model while the linguistics-based approach reduces it by a significant 350 ms,
which is a 30 percent improvement. This huge reduction was to integrate deep learning models and use linguistic rules and contextual
understanding to streamline the data transformation process. In terms of data loading, a baseline model is built in 100 milliseconds;
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however, the applications of linguistics can further improve this period to 80 milliseconds, hence giving us a 20 percent of increase.
Moreover, it is achieved on the basis of efficient data handling and storage mechanisms for the linguistics-based framework.

It has been the immense benefit of deep learning in the quality of automated translation against the English language data. However, many
computational hurdles are still needed in order to boost performance. These include data pre-processing and cleaning, resources start and
time for training, hyperparameter tuning, and out- of-vocabulary (rare words) handling. Resolving these issues are of paramount importance
for future eliminations in deep learning for the automated translation of English language data.

4. Results and Discussion

In comparison to the existing Large-Scale Machine Learning (LSML), Data Generation Strategy (DGS), Deep Learning Approach (DLA),
and Optimization Algorithms, the proposed ETL model has been compared with those.

4.1 Computation of Accuracy

The accuracy computation is based on translating the input sentence and then comparing the translated text to the actual ground-truth
translation. Basically, it requires incorporating the English sentence in the deep learning model and generating the translated output. The
result of the translated output can be compared with the correct output using the measures such as BLEU score or translation error rate,
which computes the measure of similarity using some n-grams or word order similarity. Figure 2 demonstrates the comparison of accuracy.

@LsML BDGS BDLA BOA BProposed ETL

80

70

50

Accuracy (in %)

20

10

100 150 200 250 300 350 400 450 500 550 600 650 700

No.of Inputs

Figure 2. Comparison of Accuracy

The last accuracy is the percentage of sentences translated correctly out of all sentences. These kinds of calculations are important for the
evaluation of a deep learning model and necessary improvements to be carried out on the model to enhance its translation accuracy.

4.2 Computation of Precision
Precision refers to the accuracy of the automated translation of English language data. Precision is computed as the ratio of correctly
translated data against the total number of translated data. To compute the precision in our deep learning model, the English language data

was first extracted, and the numerical representations of the data were created using techniques like word embeddings before loading the
transformed data for translation using algorithms like neural machine translation. Figure3 shows the comparison of precision.

WLSML BDGS WDLA MOA B Proposed ETL
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Figure 3. Comparison of Precision
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The model compares input with its translation data and verifies it with the ground truth or reference translation to know how many
translation data are translated correctly. Precision can be calculated by dividing the number of correctly translated data with the total count
of translated data. This parameter is important in determining the performance of the deep learning model for automatic translation and in
improving accuracy.

Recall, a performance measure for accuracy assessment, is the number of relevant data retrieved during the ETL process divided by the total
relevant data in the dataset. For this case, relevant data would be all of the data in English to be translated. Thus, dividing the number of
correctly translated data by the overall number of English data in the dataset will give recall. Figure 4 illustrates the comparison of recall.

@LSML BDGS BDLA BOA B Proposed ETL
100

80
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50
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100 150 200 250 300 350 400 450 500 550 600 650 700

No.of Inputs

Figure 4. Comparison of Recall

An increased recall score shows that the deep learning approach can retrieve from an entire relevant data set. This is how the particular
method works well in ETL automation translation. In computing the F1 score: The metric F1 comes in handy, as it enables the evaluation of
any deep learning performance of the model on a specific task: the translation from English into the other languages through automated
means. In fact, the F1-score is derived as a harmonic mean of precision and recall, which measure the extent to which the model is able to
correctly label its positive and negative instances. Measurement for precision is given as the ratio of the number of true positives divided by
the total predicted. Recall, on the other hand, is represented as true positives over the total actual positives. Figure 5 presents the comparison
of the F1-Score.

@LSML BDGS BDLA BOA B Proposed ETL
100

80

F1-Score (in %)
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No.of Inputs

Figure 5. Comparison of F1-Score

The F1 score is the average of precision and recall. Automated translation has an F1 score that measures the ability of the model to
accurately translate the English data into a target language. This performance metric is useful in evaluating and comparing the various
deep learning approaches to ETL and in optimizing the translation model for better performance.

5. Conclusion

The deep-learning-based ETL operates very promisingly. With neural networks and the other advanced algorithms, the proposed approach
provides a very reliable way of translating English data into other languages while saving lots of time and effort of English Language
Learners that would otherwise have been spent in manual translation. ETL can improve and adapt itself with new data for working with

Published by Sciedu Press 367 ISSN 1925-0703 E-ISSN 1925-0711



http://wjel.sciedupress.com World Journal of English Language \ol. 15, No. 5; 2025

more accurate and robust translation. However, there are certain limitations and challenges to answer, including the need for large and
diverse training datasets, with some mistranslations possibly biased, and the lack of contextual understanding. Research and advancement
must therefore be carried forward in the future for full realization of the proposed method of deep learning ETL in automated translation.
In the future, deep learning will augment the ETL for its automated translation of English data. Some areas where the above method could
be enhanced are:

. Improvement in NLP algorithms: The development of deep learning models will have the capacity to understand and process the
natural language and, thus, will make a more reliable translation.

. Use of multilingual training data: The training of deep learning models will involve varied sets of multilingual data; hence, the
models should be able to translate with good accuracy across languages and dialects.

. Enhanced context recognition: Deep Learning systems will better identify and understand the context of translated text, resulting in
an improved accuracy of translations based on situations or industries.

. Real-time translation capability: Given the potential of deep-learning systems, real-time speech translation may become a norm,
hence solving the problems for the business-to-business level and the human-to-human level.

. Use of visual input: Deep learning systems should undergo training on visual data such as images and videos covering information
conversion from visual cues to texts.

These upgrades in deep learning would guarantee that ETL for automated translation becomes very accurate, quick, and flexible, further
erasing discrepancies in the language and making the interaction easy across the globe.
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