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ABSTRACT In digital transformation, which is one of the most important keywords of our time, the
completeness and accuracy of the data that users enter into applications directly affects the quality of the
process, the accuracy of decision-making systems, and the speed at which data turns into information.
Incorrect or incomplete data causes many problems such as prolonged approval processes, decreased trust
in data, and negative impact on analysis capabilities. In this study, a data validation system was developed
to improve the accuracy of risk management data collected from an ERP application and to minimize data
entry errors. In order to prevent users from incorrectly entering or confusing important data such as Potential
Risk, Internal Control, Control and Impact of the Risk during data entry, it is aimed to ensure accurate data
entry by using NLP methods. Within the scope of the study, training was conducted on historical data and
errors in user data entry were detected with various classification methods. Different methods such as BERT,
RoBERTa, GPT-2, TFIDF+SVM, Word2Vec+SVM, Embedding GRU and Embedding LSTM were used
to prevent these errors. The results show that the BERT model achieves the highest success rate with 94%
accuracy. The strong language modelling capabilities of BERT gave it a significant advantage over other
methods in detecting errors in data input.

INDEX TERMS NLP, BERT, classification, data validation, risk management.

I. INTRODUCTION
In the era of digital transformation, the accuracy of the data
used by organizations is critical to the effectiveness and
efficiency of business processes [18], [19], [20]. In particular,
digital platforms such as Enterprise Resource Planning
(ERP) systems allow for accurate and fast management
of organizational processes [21]. However, errors made by
users during data entry both negatively affect the efficiency
of processes and cause reliability problems. Incorrect or
incomplete data entry leads to prolonged approval processes,
inaccurate analysis results and ultimately weakens decision-
making mechanisms [22], [23]. Therefore, ensuring data
accuracy is an important factor that directly affects the
success of organizations in the digital transformation process.

The associate editor coordinating the review of this manuscript and
approving it for publication was Yilun Shang.

In this study, a data validation system was developed
to improve the accuracy of risk management data entry in
an ERP application. The accuracy of the Potential Risk,
Internal Control, Control and Impact of the Risk fields,
where users make the most mistakes, enter incorrectly or
incompletely while entering data, were checked. In the study,
natural language processing (NLP) methods were utilized to
prevent these errors, ensure data accuracy and speed up the
processes. NLP is a set of techniques that enable language
to be understood by computers and plays an important role
in improving the accuracy of data [24], [25]. This study
aims to detect the errors made on this data using different
classification methods and help the user to make decisions
during input.

Within the scope of the study, training was performed
on risk management data using historical data and the
data validation process was tested with five different
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NLP-based classification methods that have proven them-
selves as natural language processing models in the literature:
Bidirectional Encoder Representations from Transformers
(BERT), Robustly Optimized BERT Pretraining Approach
(RoBERTa), Generative Pre-trained Transformer 2 (GPT-2),
Term Frequency – Inverse Document Frequency + Sup-
port Vector Machine (TF-IDF+SVM), Word2Vec+SVM,
Embedding Gated Recurrent Units (GRU) and Embedding
Long Short-Term Memory (LSTM). The results show that
the BERT model achieved 94% accuracy, which is higher
than the other methods. The models with the best accuracy
are GPT-2 with %91 accuracy, RoBERTa with %90 accuracy,
TF-IDF+SVM with 88% accuracy, Embedding LSTM with
87% accuracy, Embedding GRU with 81% accuracy and
Word2Vec+ SVMwith 73% accuracy. In addition, Precision,
Recall and F1 score values of each model were examined
in the experiments and details are given in the proposed
model section. BERT’s language modelling capabilities
provided a significant advantage, especially in understanding
complex input data and detecting erroneous entries, andmuch
more successful results were obtained compared to other
classification methods.

In summary, the contributions of this study are as follows:
a) An application-oriented method is proposed using

BERT for ERP risk data validation, compared with other
NLP-based classifiers.

b) By minimizing data entry errors, organizations have
been enabled to save time (Error detection and prevention).

c) Contributed to the decision-making process with more
reliable data.

d) The performance of all different classification meth-
ods in the literature are compared and the capabili-
ties of the BERT model in language processing are
demonstrated (RoBERTa, GPT-2, BERT, TF-IDF+SVM,
Word2Vec+SVM, Embedding GRU, Embedding LSTM).

In the second part of this study, the studies on data checking
and validation are analyzed in detail. In Section III, the dataset
and NLP models used and the model evaluation parameters
are explained in detail. In Section IV, the findings of the
proposed models are discussed in detail. In the last section,
the success of the proposed method and its contribution to
the literature are explained and suggestions for future work
are made.

II. RELATED WORK
In recent years, NLP and machine learning techniques
have played an important role in the development of
data validation and classification applications in different
fields. Especially in the analysis of large datasets, providing
accurate and reliable data directly affects the efficiency
of business processes. Many studies have focused on the
use of NLP-based methods to automate data validation
processes.

Mert Marcel Dağlıet al. aimed to develop and validate
a NLP algorithm integrated with the Big Language Model
(LLM; GPT4-Turbo) to automate the extraction of spine

surgery data from electronic health records (EHRs). They
achieved 95% accuracy rate with their proposed method [1].
Asha Rajbhoj et al. introduce RClassify, a system that
automatically extracts business rules from requirement
documents written in natural language and classifies them
into eight different classes. RClassify combines NLP and
machine learning techniques to provide accurate and efficient
classification of business rules in large and complex software
products [2]. The study in [3] aims to extract meaningful
information from unstructured data by using NLP and
machine learning techniques to automatically analyze and
categorize resumes. The study in [6] emphasizes that
both simple and advanced NLP methods are effective in
organizational analysis in human resources management
and provides guidance for beginners. In [4], a NLP based
system was developed to detect hidden social determinants
of health (SDOH) in clinical notes. The pilot program aims
to identify patients in the emergency department who need
SDOH intervention and communicate them to social workers
so that unmet social needs can be addressed in a timely
manner. Another study presents an automated approach
called NLPtoREST that extracts additional test information
from natural language descriptions to improve REST API
testing [5]. Emon et al. present a comparative analysis of three
different transformative models for cyberbullying detection
in Bangla language social media. On a dataset of 44,001
Bangla comments, the best result was obtained with the
XLM-RoBERTa model with 85% accuracy and 86% F1
score [7]. In [8], a new NLP and logic-based framework
called I-SNACC is introduced to automate structure code
conformance checking. Tested on the International Building
Codes, the system showed high accuracy with 95.2%
precision and 100% recall, providing an efficient and near
fully automated solution that can replace manual checks.
In [9], data quality is studied from a different perspective.
It provides a comprehensive taxonomy for assessing data
quality in NLP, including linguistic, semantic and diversity
dimensions. Moreover, by developing a new metric to
measure the difficulty level of datasets, it is shown that this
approach provides effective and holistic insights on datasets
with different tasks [9].

In [10], we present a novel approach that combines
NLP and domain verification to detect disposable email
addresses. Using various machine learning algorithms (e.g.
SVC, XGBoost, Random Forest), this method effectively
detects and classifies new disposable email addresses with
97% accuracy compared to traditional blacklist-based meth-
ods. In [11], a comprehensive review of datasets, data
validation techniques and prediction approaches used in
software defect prediction is presented. The literature review
shows that existing datasets contain incomplete labels and
insufficient details and provides futuristic proposals for
software defect prediction, emphasizing the importance of
statistical validation techniques for more comprehensive
dataset development and multi-label classification. In [12],
he formalizes the definition of data validation and examines
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some of the properties that can be derived from this
definition. In particular, it shows how a formal definition
of data validation can be used to classify and rank data
quality requirements at increasing levels of complexity and
some of the subtleties that arise in this process. In [13],
he develops and validates a data quality assurance framework,
ML-DQA, using real-world data (RWD) from clinical
trials and machine learning applications. The framework
includesmethods such as redundant data elements, automated
utilities, and rules-based transformations that improve data
quality in clinical projects and provide a common quality
control approach. In [14], in order to improve the data
validation process for machine learning (ML) models on
production lines, we introduce the Partition Summarization
(PS) approach, providing an automated, accurate and scalable
system for detecting corrupted data. By comparing each
summarized partition with data quality metrics, the PS
method provides a significant increase in precision over
previous methods by reducing false positives and improving
validation accuracy. In [15], he empirically examines the
impact of dirty data on training and test data by relating
the performance of 19 popular machine learning algorithms
to six data quality dimensions. The results show that errors
in training and test data have significant negative impacts
on model accuracy and that high quality data is critical
for reliable AI applications. In [16], he addresses data
collection, quality management and fairness measures for
data-centric artificial intelligence (AI) and deep learning
applications. Given the imperfections and biases of real-
world datasets, he emphasizes the importance of applying
robust datamanagement techniques and unfairnessmitigation
methods in the model training process. In [17], it emphasizes
the importance of data validation for the reliability of ML
algorithms and examines the challenges associated with
data validation in ML systems. The paper discusses the
strengths and weaknesses of data validation solutions, noting
that these solutions have not been sufficiently adopted in
industrial applications and that data validation shortcomings,
together with cultural, ethical and legal factors, limit the
effectiveness of ML systems. In [52], CNN was used for text
classification and sentiment analysis, while CNN-BERT was
used for text classification and sentiment analysis. In [53],
challenges such as incompatibility in data structures, quality
issues and security vulnerabilities are discussed. In particular,
it is emphasized that while the widespread use of electronic
health records (EHR) has led to significant improvements in
patient care, data entry errors can jeopardize patient safety.
In this context, it was argued that systematic tools such as
the high reliability organizations (HRO) approach and root
cause analysis (RCA) should also be used in health data.
In [54], Wand and Wang’s 1996 paper was revisited, which
had a great impact on the information systems literature
on understanding and evaluating data quality (DQ). Using
representation theory, inadequate mappings between the real
world and information systems are analyzed and a new
intrinsic DQ classification is proposed.

TABLE 1. RISK.

A review of the studies shows that NLP and machine
learning techniques are effectively used in data validation,
classification and analysis processes. Each study focuses on
developing NLP-based solutions to accurately process and
analyze data in different areas, especially on large datasets.
Most of the studies aim to improve data accuracy, improve
efficiency by automating business processes, and extract
meaningful information from various types of data. The
overall goal has been to improve data quality, minimize
errors and provide robust and reliable data to make the
right decisions. In the light of these studies, a significant
contribution to the literature has beenmade with the proposed
method and study.

III. PROPOSED METHOD
In this section, the data, methods and implementation process
used in the study will be explained in detail. In line with
the purpose of the study, information about the preparation
of the dataset, the characteristics of the models used and the
evaluation methods will be provided.

A. RISK DATASET
The data used in the study was taken from the Risk
Management module of an ERP Software used in the
automotive sector. It consists of a total of 3148 risk records
and 11 different features. The risk notification form is the
screen where every user in the company is authorized and can
enter data when necessary. When users are not experienced
enough in risk while entering data, it is very likely that
they may enter incorrect or incomplete data. In this study,
we focused on the 4 most confusing and incomplete features
when entering risk notifications. Since the other fields are
not based on multiple choice and interpretation, the rate of
users making mistakes is much lower. Table 1 shows the risk
dataset.

Figure 1 shows the statistics of the dataset. While there
is the most data in the potential risk category, the shortest
entered data contains 3 characters and the longest entered data
contains 10179 characters. Potential Risk, Impact of the Risk,
Internal Control and Control fields are open to interpretation
as they contain long texts andwords. This significantly affects
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FIGURE 1. Dataset statistics.

TABLE 2. PRE-processing operations.

the quality of the data entered and the quality of the data
entered.

B. DATA PRE-PROCESSING
Text preprocessing is the process of preparing texts for easier
processing. It includes processes such as removing stop
words and special characters. It is used to prepare data before
the NLP classification stage.

Only the most important words are retrieved or existing
words are cleaned of their unnecessary tags and all are
converted into normalized form to achieve better and more
reliable classification results. Table 2 shows the preprocess-
ing steps performed.

C. NLP MODELS FOR DATA VALIDATION
In this study, natural language processing models are used
to prevent incorrect or incomplete entries of risk notification
data. In the following, a description of the models used for
error detection will be given. These models classify the data
entered in the past and determine the appropriateness of the
newly entered data.

D. CLASSIFICATION BY Word2Vec+SVM
Word2Vec represents words in a vector space. This expresses
the semantic meaning of each word with a vector. This tech-
nique helps to understand the relationships and similarities
between words [26]. SVM is an algorithm frequently used
in classification and regression problems [27]. In this study,

the word vectors transformed with Word2Vec are given as
input to the SVMmodel. SVM classifies risk texts using these
vectors.

E. CLASSIFICATION BY EMBEDDING + LSTM/GRU
Embedding is a technique that places words, sentences
or documents into a low-dimensional, continuous vector
space [32]. This technique tries to capture semantic relation-
ships between words. That is, words with similar meanings
are located close to each other in the embedding vectors [31].

LSTM network is an extension of the recurrent neural
network (RNN) network used in deep learning [36], [37].
Unlike standard feed-forward networks, LSTMs have feed-
back connections [38]. It has three gates: Input, Output
and Forget gate. The input gate controls the flow of input
activations to the memory cell. Output gate controls the
output flow of cell activation. The forget gate filters the
information in the input and the previous output and decides
which to remember or forget [39].

GRU is another variant of RNN architecture that addresses
the short-term memory problem in deep learning models
and offers a simpler structure compared to LSTM [34].
GRU combines the input gate and the forget gate of LSTM
into a single update gate, leading to a more streamlined
design. Unlike LSTM, GRU does not contain a separate cell
state [35].

In this study, the text data is first converted into a vector
representation through the embedding layer. Then, these
vectors are passed to the GRU and LSTM layer. The GRU
and LSTM models learn important features by processing
sequential and dependent information in the text. In the final
step, classification is performed using these features.

F. CLASSIFICATION BY TF-IDF+SVM
TF is a method for calculating the weights of terms in a
document and is expressed by Equation (1) [29]. IDF, on the
other hand, analyzes words that appear in multiple documents
and tries to determine whether the word is really an important
term (stop words). For this purpose, the absolute value of
the logarithm of the number of documents in which the term
occurs is divided by the total number of documents. This
process is represented by Equation (2) [28], [30], [33].

TF-IDF score form term i in document j=TF (i, j) ∗ IDF (i)

TF (i, j) =
Term i frequencyin document j
Total words in document j

(1)

IDF(i) = log
(

Total documents
documents with term i

)
t = Term, j = Document (2)

In this study, the input data generated over the TF-IDF model
is classified with SVM vectors.

G. RoBERTa
RoBERTa (Robustly optimized BERT approach) is an
improved version of the BERTmodel developed by Facebook
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FIGURE 2. The proposed BERT model.

AI in 2019. RoBERTa aims to achieve higher performance by
increasing the amount of data used in the training process of
BERT, extending training times and changing some hyper-
parameters [50]. In particular, training on larger datasets and
using a dynamic masking strategy have enabled RoBERTa
to provide better results in natural language processing tasks
compared to BERT. Thanks to these developments, RoBERTa
shows state-of-the-art performance in many areas such as text
classification, semantic similarity and language modeling.

H. GPT-2
GPT-2 (Generative Pre-trained Transformer 2) is a deep
learning model developed by OpenAI that makes significant
contributions to scalable language modeling in natural lan-
guage processing [51]. Built on the Transformer architecture,
the model is trained on large text collections with a one-
way pre-training method to predict the next word based only
on the previous context. With 1.5 billion parameters, GPT-
2 demonstrated strong overall performance on a wide range
of tasks (e.g. text generation, translation, summarization)
without the need for fine-tuning. The model’s capacity for
such efficient language generation has led to significant
technical advances, but also to debates about the ethical and
security implications of large language models.

I. CLASSIFICATION BERT (PROPOSED MODEL)
BERT is a very powerful model, especially in NLP tasks.
Classification is one of these tasks. BERT uses a Cloze
task-inspired ‘‘masked languagemodel’’ (MLM) pre-training
target, eliminating the one-way context limitation of tradi-
tional language models [41]. By randomly masking (hiding)

some words in the input, the masked language model
aims to predict the original lexical identity (ID) of these
masked words based on context alone [42]. Unlike left-
to-right language model pre-training, MLM allows target
representations to combine information from both left and
right contexts. This allows us to pre-train a deep bidirectional
Transformer. In addition to the masked language model,
we jointly pre-train text pair representations using the ‘‘next
sentence prediction’’ (NSP) task [43], [44], [45]. Figure 2
shows the BERT model proposed in this work in detail.

J. EVALUATION METRIC
In this study, the classification algorithms were used to eval-
uate the models developed with the confusion matrix [40].
According to Table 3, the performance evaluation criteria for
the classification algorithms are given below.

The accuracy value is shown in Eq. (3).

Accuracy (ACC) =
TP + TN

M
(3)

The recall value is shown in Eq. (4).

Recall (Rcc) =
TP

TP + FN
(4)

Precision value is shown in Eq. (5).

Precision (PPV ) =
TP
TPos.

=
TP

TP + FP
(5)

F-measure value is shown in Eq. (6).

F − measure (F) =
2∗Precision ∗Sensitivity
Precision+ Sensitivity

(6)
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TABLE 3. Confusion matrix.

TABLE 4. Parameters used in the model.

K. HYPERPARAMETERS SETTING
In order to provide better results for the models used in
this study, the ReducePlateau [46] method and various
callback functions in the Keras library [47] as well as the
Early Stopping mechanism [48] were utilized. During model
training, if the verification accuracy does not improve for
a certain period of time, the training process is terminated
before completion. This early stopping is realized through the
EarlyStopping function of Keras. In the study, training was
stopped when the verification accuracy did not improve in
5 consecutive steps.

Furthermore, in cases where no improvement in the
verification loss was observed, the learning rate was reduced
by a certain factor to enable themodel to learnmore precisely.
In this context, if the verification loss did not improve in
5 consecutive steps, the learning rate was reduced by a
factor of 0.1 and the model continued to learn in smaller
steps.

During the training of the model, performance monitoring
and optimization were performed using the TensorBoard tool.
TensorBoard is a powerful tool running on the TensorFlow
infrastructure that allows monitoring metrics such as accu-
racy and loss, visualizing the architecture of the model, and
efficiently experimenting with a large number of parameter
combinations [49]. In this study, the hyperparameters in the
first column of Table 4 were run in nested loops with different
values in the second column to determine the optimal
parameter values. The best parameters are highlighted in bold
in Table 4.

Table 5 presents all summary information of the model
used in the study, as determined by TensorBoard.

The study was carried out on a computer with a ‘‘13th
Gen Intel(R) Core(TM) i9-13950HX 2.20 GHz’’ processor,
‘‘64.0 GB’’ RAM and ‘‘Windows 11 Pro’’ operating system.

TABLE 5. Model parameter summary information.

TABLE 6. Model calculate metrics.

FIGURE 3. Word2Vec + SVM model confusion matrix.

IV. FINDINGS AND DISCUSSION
In this section, the proposed and compared methods, the
analysis performed and the results of the models used and
the details of these results will be discussed.

The results presented in Table 6 show the perfor-
mance of various NLP-based classification models in the
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FIGURE 4. Embedding + GRU model confusion matrix.

FIGURE 5. Embedding + LSTM model confusion matrix.

FIGURE 6. TF–IDF + SVM model confusion matrix.

category-based classification task of risk data. This eval-
uation includes both deep learning-based and traditional
machine learningmodels. The BERTmodel showed the high-
est performance in all metrics (Accuracy: 0.9301, F1:0.9310).

FIGURE 7. RoBERTa model confusion matrix.

FIGURE 8. GPT-2 confusion matrix.

FIGURE 9. BERT model (proposed) confusion matrix.

This demonstrates that BERT is able to represent the meaning
of texts more accurately thanks to its ability to handle
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FIGURE 10. Model evaluation epoch/accuracy.

context bidirectionally. BERT’s superior performance in text
classification tasks involving complex language structures is
also expected when reviewing other studies in the literature.
The GPT-2 model follows closely behind BERT in terms of
accuracy (0.9116) and F1 score (0.9116). Although GPT-2
was primarily designed as a generative language model, it has
been shown to be effective in classification tasks through
transfer learning. However, due to its unidirectional (left-
to-right) structure, it can understand context more limitedly
compared to BERT. RoBERTa, although a model based
on BERT’s optimizations, performed lower than BERT and
GPT-2 in this study (F1:0.8976). This difference stems
from the type and size of the training data used. The
combination of TF-IDF vectorization and SVM, which are
among the classical methods, yields highly competitive
results (F1:0.8855). This shows that high-dimensional text
representations can still be a powerful alternative when
combined with the right classifiers. However, since this
method does not consider context, it is limited in capturing
semantic integrity compared to deep learning models. Results
obtained using embedded vectors with recurrent neural
networks such as LSTMandGRU showed lower performance
in terms of accuracy and F1 score (F1 for LSTM: 0.8672,
F1 for GRU: 0.8164). The lowest performance belongs to the
combination of Word2Vec feature extraction and the SVM
classifier (F1:0.7305). While Word2Vec can model semantic
similarities at the word level, it may fail to capture context at
the sentence or text level.

Figure 3 shows the confusion matrix of the model trained
with Word2Vec + SVM. When the model is examined,
although it has a high accuracy rate especially in the Internal
Control class, it made more misclassifications in the Impact
of the Risk and Potential Risk classes.

Figure 4 shows the confusion matrix of the model trained
with Embedding+GRU. In general, the model achieved very
good accuracy in the Internal Control class, while it also

performed strongly in the Impact of the Risk and Control
classes.

Figure 5 shows the confusion matrix of the model trained
with Embedding + LSTM. While the Embedding + LSTM
model performs quite strongly in the Internal Control and
Impact of the Risk classes, some misclassifications were
observed in the Potential Risk and Control classes.

Figure 6 shows the confusion matrix of the model trained
with TF - IDF + SVM. It is observed that the overall
performance of the TF-IDF+ SVMmodel is quite high (89%
accuracy) and it makes strong correct predictions in Potential
Risk and Impact of the Risk classes.

Figures 7 and 8 show the confusion matrices of the
models trained with RoBERTa and GPT-2, respectively. Both
models made successful predictions in almost all categories.
Accuracy rates of 90% and 91% support their inclusion
among the preferred models.

Figure 9 shows the confusion matrix of the model trained
with BERT (proposed method). The BERT model has a
high rate of correct classifications in all classes of Potential
Risk, Control, Impact of the Risk, and Internal Control. 94%
accuracy rate is a very successful result compared to other
methods.

TF - IDF + SVM, Word2Vec + SVM, RoBERTa, GPT-
2 and BERT provided much higher accuracy rates in the
Potential Risk metric compared to other deep learning
methods. This is because the Potential Risk parameter has
more context on the text than the other parameters and
these models work in this context. LSTM and GRU, on the
other hand, were more successful in the Impact of the Risk
parameter, which has less textual context.

Figure 10 shows that the BERT model is the most robust
model in terms of accuracy rates, and also shows a stable
structure with high accuracy values at each epoch. The TF-
IDF + SVM model, on the other hand, exhibited a stable
accuracy rate like the BERT model from the beginning and
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FIGURE 11. Model evaluation scores/metric.

FIGURE 12. Model accuracy comparison with box plot.

gave the closest results to the proposed method. The accuracy
values of theWord2Vec+ SVMmodel, on the other hand, are
low compared to the other models, indicating that the model
is less successful than the others in understanding the text
representation or in the classification task.

Figure 11 shows the performance metrics for all models.
The proposed model performs better than other models in all
metrics. In addition, models other than theWord2Vec+ SVM
model have shown successful performance in the prediction
and classification of risk datasets.

Figure 12 Model Accuracy Comparison with Box Plot
is given. The figure shows that the BERT model exhibits
the highest and most stable accuracies. In addition, the
accuracy values are generally above 0.90 and fall within a
narrow range. LSTM and GRU, on the other hand, start with
low accuracies at the beginning but improve over time and

reach around 0.85, but their accuracies are distributed in a
wider range. The TF-IDF + SVM model provides stable but
average accuracies, while Word2Vec + SVM has the lowest
accuracies, generally between 0.67 and 0.74. These results
show that BERT provides stronger and more consistent
performances than the other models, while Word2Vec +

SVM is weaker in the classification task.

V. CONCLUSION
In this study, a data validation system was developed using
natural language processing (NLP) techniques to detect and
prevent data entry errors encountered in risk management
processes. In the analysis of 3,148 risk notification data
obtained fromERP systems, it was found that user errors were
common especially in the ‘‘Potential Risk’’, ‘‘Impact of the
Risk’’, ‘‘Internal Control’’ and ‘‘Control’’ headings, which
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are open to interpretation and text-based fields. Accordingly,
seven different NLP-based classificationmodels were applied
to improve data quality and support accurate data entry:
Word2Vec + SVM, Embedding + GRU, Embedding +

LSTM, TF-IDF + SVM, RoBERTa, GPT- 2 and BERT.
According to the results, the BERTmodel showed the high-

est performance with 94% accuracy. The depth of BERT’s
linguistic understanding and its ability to model context
robustly enabled it to more effectively distinguish semantic
differences and errors between texts. Compared to other
methods, especially the Word2Vec+SVM model had the
lowest performance with 73% accuracy, demonstrating the
inability of classical methods to capture complex language
structures. With the high accuracy rate of the BERT model,
very positive results were obtained in terms of automating
manual data control processes in organizations, improving
data quality and saving time. In addition, the proposed system
can be configured to not only detect erroneous data, but
also to guide the user on correct data entry. In this way,
it is possible to perform more accurate analyses, create more
reliable decision support systems and increase the efficiency
of ERP systems in general.

In future studies, the scope of the proposed system
can be expanded by adapting it to different sectors,
adding multilingual support and integrating real-time warn-
ing mechanisms. Furthermore, the integration of artificial
intelligence-supported personalized recommendation sys-
tems that analyze user behaviour can further improve data
entry accuracy.
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