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Abstract In natural language processing with text data, which forms the basis of the

studies in the field of artificial intelligence, various studies such as semantics

and natural language generation are carried out, especially the solution of clas-

sification problems. This study aims to analyze the effect of detected named

entities on text classification performance to make the text preprocessing stage

more effective. In order to reduce the analysis time and increase the perfor-

mance, after the classical preprocessing stage, word filtering was performed with

Named Entity Recognition according to the thresholds determined in the 5%

and 10% ranges. Analysis was performed with various machine learning, deep-

learning algorithms, Bidirectional Encoder Representations from Transformers

(BERT), and the obtained results are discussed in the last part of the study. In

the problem of classifying 50,000 news texts, 93% with a support vector machine

(SVM) algorithm in statistical classification with machine learning, 87% with

long short-term memory (LSTM), and 83% with BERT success was achieved.

In the analyses performed with LSTM and BERT, although the model perfor-

mances were numerically lower, it was observed that the semantic integrity was

stronger in text classification and that the success increased in general after

Named Entity Recognition (NER) filtering. Thus, it can be interpreted that

the dataset that is passed through the NER filter according to the threshold

values positively affects the model’s success in terms of time and performance.
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1. Introduction

Natural language processing (NLP) is a subcategory of artificial intelligence and lin-

guistics. In natural language processing technology there are goals, such as strength-

ening human-machine communication, making sense of large data sets, and increas-

ing the efficiency of services. Although there are various natural language processing

studies in the literature, one of the most widely preferred techniques is the study of

text classification. The main objective of text classification studies is to identify the

essential features of the problem. The classification approach is used to solve many

text-based problems such as text summarization, sentiment analysis, headline mod-

eling, text translation, question and answer (chatbot) systems. Today, many sectors

attach great importance to data and continue their data-driven development. Most

of this data is unstructured text from sources such as emails, customer-support chat

transcripts, social media comments, surveys, news articles, columns, articles, and

documents. E-archive systems have become very popular in recent years in organiza-

tions, especially to find the desired information from retrospective documents and to

identify the desired information from archive documents. Searching and identifying

information using documents digitized with optical character recognition (OCR) is

extremely laborious and time-consuming. In the news and columns that accumulate

on websites and in various news agencies; classification techniques are frequently used

to make it easier to access and categorize the information sought. Text classification

is a technique used to automatically match predefined classes related to a given text

document. Text classification is usually performed using machine learning (ML) tech-

niques [43]. Analysis of text data is performed using vectorial representations after

conversion into fixed-length numerical data.

1.1. Named Entity Recognition on text classification

Named Entity Recognition (NER) models are used to categorize named entities

(proper names, organizations, places, time expressions, etc.) in text according to

their meaning. It was first defined in 1995 at the MUC-6 (Message Understand-

ing Conference) [10]. NER helps to extract information from texts and this method

is called ”information extraction”. In this model, different categories of special ex-

pressions are highly favored, such as noun entity expressions (ENAMEX), temporal

(TIMEX), and numeric (NUMEX) entity expressions. Making inferences by creating

qualified NER lists simplifies natural-language processing. With the results given by

NER methods, the data set can be classified without examining it individually. It can

also be sorted into defined categories and related data can be easily identified. The

NER method is highly preferred in areas such as news, chatbots, machine transla-

tion, healthcare, customer relationship management, and enterprise risk management.

Extracting meaningful information from large text data, and generating short infor-

mation from long sentence structures, were possible with statistical or rule-based

structures based on word weights, despite their low success in previous years.
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In recent years, NER tags have been used extensively with machine learning

techniques to identify words that have strong meanings in sentences. In systems where

syntactic data such as e-mails, news texts, and system logs are dense, the success of

the NER system in information extraction processes such as keyword extraction, and

categorization is at a very important point in terms of both time and performance [44].

Although NER algorithms have generally been used for categorization in previous

studies, the use of NER techniques in hybrid solutions and as part of a process has

become more common in recent years.

1.2. Research problem

Many parameters affect learning performance and model success on text classification

algorithms running in software systems. Some of the factors that negatively affect

the process are not updating the data set during the process, not preprocessing the

data set properly, and not selecting appropriate parameters and algorithms during the

training and testing phases. Since the data obtained in text classification studies are

usually obtained from social media or various internet sources, studies are performed

with short and syntactically unstructured sentences. This brings some difficulties

in the model training phase. When working with big data, breaking sentences into

words and representing them with numerical vectors requires more processing power

and time. Although the main purpose of data preprocessing stages is to improve

performance, it is known that some preprocessing stages do not contribute positively

to model success and reduce performance [42,45].

In this study, we want to investigate how the extraction of named entities from

the data set in the preprocessing stage affects the performance of traditional and

modern classification algorithms. By removing the entities that can be detected with

our model from the dataset, the number of tokens will be reduced the analysis time

will be shortened and unnecessary word vectors will not be included in the model.

Thus, it is thought that the model’s performance will be positively affected both in

terms of time and success.

1.3. Contribution

In recent years, text classification studies have focused on the performance of new

models and algorithms on different data sets [24]. Especially in recent years, the suc-

cess of large language models has become an important point in terms of algorithm

selection for commercial applications [28]. It is known that preprocessing stages also

affect model performance along with the use of new algorithms to improve perfor-

mance in text classification studies [11,37]. In this study, the impact of entity names

on the performance of the proposed model will be observed. Although the impact

of preprocessing stages on classification problems has been presented in studies, the

effect of named entities on text classification performance was found in the litera-

ture [29] in only one study.
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However, in this study, only filtering, was performed and the data set was min-

imized. It was not run on any algorithm. Situmeang [46] observed the performance

of preprocessing stages in named entity detection with the Conditional random fields

(CRF) algorithm and discussed the contribution to the model. In other studies dis-

cussing the effect of preprocessing stages on classification performance, algorithms

such as convolutional neural network (CNN), LSTM, artificial neural network (ANN),

random forest (RF), etc. were used [41, 42, 45]. The method proposed in our study

has been included in the literature but has not been compared with basic approaches

since it has not been run on algorithms yet. The algorithms used in this study include

both classical and modern approaches.

1.4. Paper organization

In the first part of the study general information is given, followed by a literature

review in the second part, the materials used, and the method to be applied in the

third part. In the next part of the study, the findings obtained are presented in

tables and graphs, the impact of the study is discussed in the conclusion section and

suggestions are made.

2. Related works

In this section, studies on text classification and Named Entity Recognition are re-

viewed. During the reviews based on machine learning, deep learning, and language

model-based algorithms, attention was drawn to the success rates and techniques in

NER-related studies.

Ali [5], aims to automate the process of categorizing job applications and resumes

using NLP and ML techniques. Various ML algorithms and NLP techniques are

evaluated to measure the accuracy of the work and a solution is proposed that provides

better accuracy and reliability in different environments. In the study, SVM, Naive

Bayes, K-Nearest, and logistic tegression (LR) classifiers were used to achieve the best

performance with more than 96% accuracy on more than 960 parsed resume datasets.

Uslu & Akyol [51] classified Turkish news texts using machine learning methods.

The data set consists of categorized news texts. The data set was analyzed with

support vector classifier, Random Forest and Naive Bayes Classifiers, and the results

showed that the Bayes algorithm was the most successful method, with an accuracy

rate of 91

In the Szczepanek’s study [50], models were created to classify textual data about

historic flood levels obtained from the Internet using named entity recognition tech-

niques and advanced text analysis, deep learning, and spatial analysis techniques. In

this study, the use of shortest-distance matrices is proposed between place names in

the text.The obtained distance matrix was also shared as open data. In the SD-NER

model study the F1 score value reached 92% in binary classification tasks, better

than naivebayes and CNN. In this model, a structure was created using both spatial
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analysis and the NER technique. This model is also designed to be applied to data

sets where spatial information is important.

He & Zhang [18] suggest an association rule mining method (ARMTNER) based

on named entity recognition and text classification because the accuracy of named

entity recognition methods is low in Chinese language and it is difficult to obtain

different categories with classical data mining methods. At first, the TextCNN model

is used to extract word vectors. Then, with the Bidirectional Long Short-Term Mem-

ory (BI-LSTM) model, the context between the texts is discovered and the general

features of the text are extracted. Finally, text sequence tagging and entity recog-

nition are performed. Text classification and entity classification were performed at

two levels, and frequent itemsets were mined using association rules. Experimental

results show that the method obtained an F1 score of 97.3% on the Chinese named

entity recognition open-source data set, and frequent item sets improved performance

by 0.279%.

Hemati & Mehler [19] describe an approach to the BioCreative V.5 challenge that

aims to identify and classify chemically named entities in academic papers. The named

entity recognition task is transformed into a sequence-ranking labeling problem, and

a sequence-ranking labeling system is presented for solving this task. They per-

formed various experiments on algorithms with hyperparameter optimization. They

also introduced the LSTMVoter model, a two-stage recurrent neural network imple-

mentation that integrates optimized ranking labelers as a single ensemble classifier.

The results show that LSTMVoter outperformed each tagger, achieving an F1-score

of 90.04% in the BioCreative IV CHEMDNER corpus and 89.01% in the BioCreative

V.5 corpus for identifying chemical entity mentions in patents. The study highlights

the importance of chemical and biomedical name recognition, demonstrating the po-

tential for machine learning techniques to improve this task.

Ali et al. [6] proposed a new LSTM-based model to solve the problem of named

entity recognition in Arabic texts. They explained that the LSTM technique is suit-

able for NER detection in sequential texts, and a pretrained word embedding tech-

nique is used to train the inputs. The ANERcorp data set was used to evaluate the

model. According to the results of LSTM, GRU, BLSTM, and BLSTM+char Model,

the BLSTM+char model achieved the highest F-Score result, with a success rate of

88%.

Suat-Rojas et al [47] developed a method that detects Spanish traffic accident

data on Twitter. In the study, after the data collection system was developed, the

messages were classified according to whether they contained accident information or

not. The named entity recognition system was also used to separate tweets containing

place or location names from the accident data. For this model, geographical locations

are also translated into place-names through a system to generate named entities. In

the study, the combination of doc2vec and SVM achieved the best result for the

classification of tweets, with a success rate of 96.8%. The best result for the system
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proposal that detects the location with NER was obtained with 91% in the Spacy

model.

Perera et al. [40] studied the recently popular Biomedical named entity recogni-

tion in 7 different models using textual data of food and dietary components. Espe-

cially the dictionary-based model, CRF, and the FoodCoNER hybrid model, which

is a combination of these two models, as well as the deep-learning-based BERT,

BioBERT, and Electra models were used in the study. We found that FooDCoNER

not only leads to the best overall results when compared to deep language models but

also that FooDCoNER is much more efficient in terms of training data runtime and

sample size requirements.

In their study, Aydoğan & Karci [9] drew attention to the scarcity of Turkish

text processing studies and created word vectors on 2 datasets using word embedding

techniques. They performed classification on 1.5 million words using deep-learning

techniques–CNN, RNN, LSTM, and GRU. The word embedding performances of

these models were compared and their effect on accuracy rates was observed. GRU

and LSTM models were found to be more successful than the other models, and

preprocessed word vectors improved the performance by 5-7%.

Pankaj et al. [36] used reviews on smartphones that are sold on the Amazon

website as a data set in an Amazon product reviews study. By performing sentiment

analysis on this data, they categorized the comments into three categories: positive,

neutral, and negative. They preprocessed and filtered the data and measured the

accuracy of the results. Then they developed a fake news detection model in their

study. News data from India was used in this model. The news is categorized into

Crime, Treatment, Economy, Social, and Entertainment categories. All words in 2,773

news texts were vectorized with the term frequency-inverse document frequency (TF-

IDF) algorithm. After the preprocessing and training stages, the highest success was

measured with 87% accuracy in the news data tested with k -nearest neighbors (KNN),

SVM, LR, and Naive Bayes algorithms [3].

Goel et al. [16] achieved 58% success in sentiment analysis using Twitter API

with Sentiment140 dataset using Baseline, Naive Bayes Classifier, and support vector

machine algorithms. It is predicted that the system improved by using the WordNet

database will achieve more successful results in the sentiment analysis model.

Hou et al. [21] proposed a model for automatically identifying and classifying

biomedical entities in text. For the named entity recognition task, they observed

that a language model based on the BiLSTM-CRF architecture reduces false posi-

tives caused by words with multiple meanings and improves the performance of each

subtask by sharing information between different entity names.

Dalkilic et al. [13] carried out a study on tagging proper names in Turkish texts

as person, place, and organization entities. Data mining techniques were used for

a data set of 30 different text files, taking 10 documents from the fields of politics,

economics, and health. For Turkish, a rule-based method was developed using some

grammatical rules of the language and tested on different types of documents, with
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the highest success rate of 87% for place names. Although the lowest success rate is

for person names, there is an 80% success rate.

Nemes & Kiss [34] used users’ tweets about COVID-19 during the pandemic as a

data set. The sentiment analysis performed in the study is enriched with information

extraction and named entity recognition methods to obtain a more comprehensive

result. The results obtained using the BERT method are compared with RNN, NLTK,

and TextBlob algorithms. The results obtained in the study, which were enriched with

various graphics, were analyzed over 500 tweets. H. B.

Patil and Patil [38] developed a statistical Entity Association Recognition model

to classify entities in the Marathi language. A conditional random fields algorithm

was used for this. The analysis of the FIRE-2010 data-set showed that the CRF

algorithm had an F1-Score of 75%, and it was concluded that this language-specific

information should be included in the algorithm.

Pavitha et al. [39] proposed a cosine similarity-based method for movie recom-

mendation systems based on users’ tendencies. In the study, a method based on

movie reviews was proposed with SVM and Naive Bayes algorithms. As a result of

the comparison of both algorithms, an accuracy rate of 98.33% for SVM and 97.33%

for Naive Bayes was obtained.

AminiMotlagh et al. [7] analyzed sentiment analysis of Twitter data with SVM,

K-nearest, Decision Tree and Naive Bayes machine learning algorithms. Among sin-

gle classifiers and their combinations with ensemble methods, SVM achieved 3.53%

and 7.41% of the performance on binomial and polynomial datasets, respectively.

Although ensemble methods do not perform better than single methods, they can re-

duce the memorization problem, variance and generalization error of learning models.

In another study, a new model for the use of large language models in vulnerability

detection was proposed using graph structure and learning for context. An experi-

mental study was conducted on three vulnerability detection datasets to evaluate its

efficiency. It was observed that this study produced better results than the top 6

vulnerability detection systems. In terms of F1 scores, an improvement of 28% was

found on the 3 data sets tested [28].

In general, when the literature is evaluated it is found that social media, websites

and corporate data are used for text classification in natural-language processing

studies. Additionally, in classification studies, the NER method has often been used

for entity prediction in data using statistical approaches. In general, machine learning

algorithms have been applied to pre-labeled NER data and the results are discussed.

As a result of the reviews, there is no previous study that uses the NER method in

preprocessing stages. Although there are studies on the problem of classification of

news texts, there is no similar study and the same data set in the literature that uses

the proposed model in our study. For this reason, the models used in various text

analysis processes in the literature for the dataset in our study and their results are

given in Table 1.
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Table 1
Text analysis studies with news dataset

References Data Set Model Performance

[33] News Data Set [32] CNN &NN %89 F1-Score

[25] News Data Set [32] WSTC %75 F1-Score

[32] News Data Set [32] Exploratory Data Analysis –

[48] News Data Set [32] Topic Modeling- LSTM 0.923-R

[2] News Data Set [32] Classification-Naive Bayes %90-F1-Score

3. System architecture

In this section of the study, the model architecture, the stages and used data set

are explained. After stop words extraction, lemmatization, and stemming, the data

set of news texts was passed through the NER filtering module and trained with

machine learning in nine different algorithms, deep-learning algorithm LSTM (long

short-term memory) architecture and BERT (Bidirectional Encoder Representations

from Transformers) language model, and the best classification results were tried to

be obtained with different parameters.

3.1. Dataset

Data collection is the first stage of this study. Between 2012 and 2018, 50,000 news

texts were used from the HuffPost news site in three categories with the most con-

sistent distribution out of 200,000 texts [32]. The data set contains columns such as

category, title, authors, news text, summary, and date. Figure 1 shows filtered data

set distribution.

Figure 1. Filtered data set distribution
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3.2. Data cleaning

Data cleaning consists of removing noisy data and extracting the data that are needed

for analysis. The importance of this analysis can also be determined with data visu-

alization tools. Within the scope of this study on the dataset:

1. Punctuation marks have been removed.

2. Stopwords in the data set were extracted according to the NLTK library and the

stopwords list that we created (yourselves, itself, whom, those, etc.).

3. Web addresses were cleaned.

4. News texts were separated into words.

5. Words were separated into their roots.

3.3. Data preprocessing

In recent years, natural language processing studies are mostly based on statistical

approaches with machine learning and deep-learning algorithms. For the analysis of

the resulting text dataset, the words are digitized and made ready for the learning

algorithm. In these methods, known as word embedding, words are digitized and

represented in a vector space.

There are 2 basic approaches known in the literature. The first of these ap-

proaches is the TFIDF method, which is a frequency-based approach that digitizes

based on proximity to a word [14]. This scoring model, which is widely used in the

process of word digitization, evaluates the frequency of occurrence of terms in the

document. This calculation method, known as Term FrequencyInverse Document

Frequency (TFIDF), is a statistically calculated weighting factor that indicates the

importance of a term in a document.

The TFIDF value is the multiplication of TF (i.e. how many times a word

occurs in a sample document) and IDF (i.e., the inverse of how many times a word

appears in the entire sample set) [23]. The formula for TF and IDF are given in

Equation 1 and Equation 2, according to [4].

tf (term, document) =
f(term, document)∑

term′∈document f(term
′, document)

(1)

idf(term, allDocuments) = log
N

df(t)
(2)

The performance of artificial neural-network models in digitizing textual data has led

to new methods due to the limitations of classical word-scoring methods.

In this method, a neural network model was developed that uses one word to

predict other words by looking at the data set [31]. The approach based on the
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neural network model is known as the Word2Vec model. This model is created by

training 1.6 billion words per day.

In this approach word vectors are constructed in 2 ways: the continue bag-of-

words (CBOW) and the Skip-Gram model. The CBOW approach is a technique that

allows one to vectorize the word in the middle of the sentence by looking at the words

near it, and the Skip-Gram model is a technique that vectorizes the other words next

to it according to the middle word [8]. The Word2Vec model training within the scope

of the study determined the best result, according to the parameters in Table 1.

The min-count parameter is the minimum number of occurrences of the word in

the corpus. Vector size is the size of the vector to be created for each word. Window

is the number of neighboring words that will directly affect the vector computation of

the target phrase. Workers parameter is the number of cores to be used for parallel

processing. Sg means that the algorithm will be trained with the Skip-Gram method.

The BERT language model, revealed by Google in 2018, is one of the pretrained

language models that has been successful in many NLP tasks recently. BERT is

pretrained for large-scale text data, combining word representations and sentence

representations in a large transformer [52]. It evaluates the sentence both from left

to right and from right to left.

In this way, it plans to better extract the meaning and the relationships between

the words, and this pays off in the results. When digitizing a word, the BERT Tok-

enizer structure captures differences such as polysemy better than other embedding

methods. It captures contextual word embeddings and other forms of information

resulting in more accurate feature representations; thus it provides a better model

performance [30].

3.4. Proposed model

In this section of the paper a diagram is given for the proposed model. With a new

approach for the words obtained after cleaning, tagging, and word embedding on

the data set, it was thought that the analysis would be more successful by removing

entities such as date, place, time, proper name, and city names, which were thought

to have no effect on the meaning for text classification. Studies have shown that

parameters such as entity type and number affect the classification success, and NER

filtering is used during the preprocessing stages [35,49].

Accordingly, after the preprocessing stages, SPACY [1] library was used to

detect and extract the entities from the database. In the process of extracting

entities from product comments, a ratio was determined between the number of

words in the sentence and the words labeled as entities. This ratio was determined

as a percentage by dividing the number of entities in the sentence by the number of

words in the sentence, and this calculation method is shown in Equation 3.

FilteredNER =
Total Entity Number in Sentence

Total Token Number in Sentence
∗ 100 (3)
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The purpose of this equation is to determine the percentage ratio of the number

of entities in the sentence to the total number of words in the sentence. If this

ratio is greater than the threshold value, the sentence is not included in the text

classification process. This word elimination is expected to improve training and

testing performance. In this model, analysis was performed both by extracting entities

and running the entire data set.

In this study, classification was performed with classical machine learning, deep

learning, and language model. The frequency-based TFIDF method to digitize words

in the machine learning model, the Word2Vec word embedding method in the deep-

learning model, and the BERT Tokenizer word embedding method were used in the

language model. In the classification problem with three different models, the neural

network model was first used in addition to classic machine-learning algorithms.

For the machine learning model (Model-1), which is frequently used to classify news

texts according to their categories, nine algorithms were used. The algorithms used

in [5, 40] research obtained successful results in their studies. The names of the used

algorithms are given in Table 2.

Table 2
Algorithms for Model-1

The Algorithms

Random Forest K-Nearest Neighbour SGD Classifier

Support Vector Machine Bernoulli Naive Bayes MLP Classifier

Logistic Regression Gaussian Naive Bayes Decision Tree

In the proposed Model-2, an approach based on the LSTM algorithm is presented

using the Word2Vec word embedding method. LSTM is an extension of the recurrent

neural network (RNN) [20] as a long short-term memory network model. The LSTM

presents memory cells consisting of several types of gate units, including forget gate,

input gate, and output gate in each recurrent body. LSTM learns to discard previous

information, refreshes the current input as a new memory, and generates state and

output information after learning. The LSTM model can capture information about

the meaning of words in context [26]. In this model, word representations for the

classification problem are created with the neural network model and then trained

with the LSTM model, and performance analysis is performed

In the last model (Model-3), the solution of the classification problem is presented

by using the language model. Language models try to predict masked words in a given

text. The masked data can be a single word or a sentence. The Bert (Bidirectional

Encoder Representations from Transformers) [15] language model was trained with

internet resources using the encoder network of the transformer architecture by the

Google brain team. BERT, one of the pretrained language models, gets good results

for text classification problems. It benefits from the attention mechanism, which is

effective in detecting general features of related words in a sentence or document [12].

After the words were vectorized with BERT embedding, performance analysis was
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performed by fine-tuning. The results obtained from the three models are listed in

the findings section with success rates. Figure 2 shows the diagram of the study.

3.5. Model training

The Sklearn library was used to test the study with machine learning algorithms. In

the data set of 50,000 lines of news texts, unnecessary fields were removed and the

news texts were divided into training and test sets. The rates that gave the best

results in the analyses were determined as 80% training and 20% test data. The

thresholds specified in the NER filtering module are determined from the worst to

the best result obtained as a result of the classification. Figure 2 shows the model’s

flowchart on text classification.

Figure 2. NER Filtering Model FlowChart on Text Classification
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3.6. Model evaluation metrics

Model evaluation metrics play a key role in evaluating the accuracy and performance

of a trained model. My literature review shows that researchers focused primarily

on AUC, accuracy, precision, recall and F1-score. It is noteworthy that the AUC

tends to differentiate between the classes of a data set. The higher the AUC the

better the performance of a model that distinguishes between positive and negative

classes. Furthermore, the confusion matrix measures the precision of all classification

techniques. The confusion matrix has four distinct values: true positive (TP), false

positive (FP), true negative (TN) and false negative (FN). A false positive of the

confusion matrix is called Type 1 error, and false negative is called Type 2 error.

Several approaches are used to evaluate a model’s accuracy. For example, TP, TN,

FP, and FN are the main determinants of the model’s performance. These also

determine the precision, recall, and f1-score that I used in following section [27].

4. Experimental results

In this study, a performance-enhancing model is proposed for news text classification.

The effects of the entities identified in the data set on performance are measured by

three sub-techniques in the model. The performance of the classification problem was

analyzed using classic machine learning, deep learning, and language modeling. In

the 50.000 lines of news text data set the effect of named entities on the classification

success was analyzed with the determined threshold values.

Table 3
Number of Words Excluded from Analysis According to Thresholds

Context Total Word Total NER Threshold

50878 377483 39376 10%

40164 5%

0 0%

The descriptions of the identified entity names and their distribution according

to categories are given in Table 4. After the entity names were detected according to

the thresholds in Table 5, they were removed from the data set and their effect on

classification was measured.

After the preprocessing stages‘ the data set was divided into 80% training and

20% test set. The words used for the analysis with machine learning algorithms

were vectorized with the TfIdf method. The Word2Vec word embedding method was

used for deep-learning analysis, and the LSTM algorithm was used for training. The

parameters used are given in Tables 5 and 6.
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Table 4
Descriptions of Entity Names and Their Distribution According to Thresholds

Named

Entities
Explanation

Threshold

10%

Threshold

5%

PERSON People, including fictional 11634 11885

CARDINAL Figures do not fall into any

other genre.

4105 4252

NORP Nationalities, religious or

political groups.

3828 3940

DATE Dates or periods. 3802 3863

GPE Cities, states, or countries 3065 3153

ORG Companies, agencies, insti-

tutions, etc.

1706 1777

ORDINAL “First,” “second,” etc. 1149 1196

TIME Times smaller than a day. 763 769

MONEY Monetary values, including

unit.

132 132

PERCENT Percentage, including ”%“. 92 92

QUANTITY Measurements such as

weight or distance.

40 41

LOC Non-GPE locations, moun-

tain ranges, bodies of water.

19 19

PRODUCT Objects, vehicles, foods, etc.

(not services).

15 17

FAC Buildings, airports, high-

ways, bridges, etc.

13 15

LAW Named documents made

into laws.

5 5

WORK OF -

ART

Titles of books, songs, etc. 2 2

EVENT Named hurricanes, battles,

wars, sports events, etc.

1 1

LANGUAGE Any named language. 1 1
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Table 5
Word Embedding Parameters in LSTM

Size 300

Window 13..5

Min count 1

sg 0 (CBOW)

Epoch 30

Table 6
Training Parameters in LSTM

Activation function RELU, Softmax

Loss function Cross-Entropy

Optimization function Adam

Number of texts 50878

Batch size 256

Epoch 10

The parameters that were given in Table 7 were used in the analysis using the

language model.

Table 7
Training Parameters in BERT

Activation function RELU, Softmax

Tokenizer Distilbert-Base-Uncased

Loss function Cross-Entropy

Optimization function Adam

Number of texts 50878

Batch size 64

Epoch 1

4.1. Machine learning algorithms result

The results of the analysis using machine learning algorithms are given in Tables 8,

9, and 10.
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Table 8
NER Analysis Results without Filtering

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment SVM 0.92 0.88 0.90 4834 0.93 0.97

Politics 0.93 0.97 0.95 9770

Tech 0.85 0.61 0.71 660

Entertainment MLPClassifier 0.91 0.86 0.89 4793 0.92 0.97

Politics 0.93 0.96 0.94 9878

Tech 0.69 0.67 0.68 593

Entertainment BernolliNB 0.91 0.88 0.90 4833 0.92 0.97

Politics 0.93 0.96 0.94 9763

Tech 0.82 0.53 0.65 668

Entertainment MultinominalNB 0.91 0.87 0.89 4754 0.91 0.97

Politics 0.91 0.97 0.94 9851

Tech 0.94 0.31 0.46 659

Entertainment RandomForest 0.89 0.85 0.87 4880 0.90 0.96

Politics 0.91 0.95 0.93 9746

Tech 0.78 0.55 0.65 638

Entertainment Decision Tree 0.85 0.84 0.84 4847 0.88 0.87

Politics 0.91 0.93 0.92 9753

Tech 0.70 0.57 0.63 664

Entertainment KNN 0.89 0.57 0.70 4826 0.81 0.85

Politics 0.80 0.97 0.87 9797

Tech 0.80 0.25 0.38 641

Table 9
Analysis Results According to 10% Threshold Value

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment SVM 0.89 0.85 0.87 1936 0.92 0.97

Politics 0.93 0.96 0.95 4930

Tech 0.84 0.52 0.65 208

Entertainment MLPClassifier 0.90 0.84 0.87 1938 0.92 0.97

Politics 0.93 0.96 0.95 4949

Tech 0.67 0.62 0.64 187

Entertainment MultinominalNB 0.89 0.82 0.85 1939 0.91 0.96

Politics 0.92 0.97 0.94 4952

Tech 0.97 0.32 0.48 183

Entertainment RandomForest 0.88 0.80 0.84 1959 0.91 0.95

Politics 0.91 0.96 0.94 4930

Tech 0.80 0.46 0.59 185

Entertainment BernolliNB 0.89 0.84 0.86 1974 0.91 0.96

Politics 0.92 0.97 0.94 4904

Tech 0.95 0.35 0.51 196

Entertainment Decision Tree 0.86 0.78 0.82 1972 0.89 0.85

Politics 0.91 0.95 0.93 4917

Tech 0.66 0.47 0.55 185

Entertainment KNN 0.88 0.67 0.77 1933 0.87 0.89

Politics 0.87 0.97 0.92 4960

Tech 0.84 0.31 0.46 181
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Table 10
Analysis Results According to 5% Threshold Value

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment SVM 0.90 0.86 0.88 2020 0.93 0.96

Politics 0.94 0.97 0.95 5073

Tech 0.89 0.61 0.72 218

Entertainment MultinominalNB 0.92 0.84 0.88 2009 0.92 0.97

Politics 0.92 0.98 0.95 5098

Tech 0.98 0.31 0.47 204

Entertainment BernolliNB 0.88 0.85 0.86 1942 0.91 0.96

Politics 0.93 0.96 0.94 5150

Tech 0.92 0.36 0.52 219

Entertainment RandomForest 0.89 0.81 0.84 2011 0.91 0.95

Politics 0.92 0.97 0.94 5088

Tech 0.84 0.46 0.59 212

Entertainment MLPClassifier 0.89 0.83 0.86 1999 0.91 0.96

Politics 0.93 0.96 0.94 5119

Tech 0.67 0.63 0.65 193

Entertainment Decision Tree 0.87 0.78 0.82 2037 0.89 0.86

Politics 0.90 0.95 0.93 5041

Tech 0.74 0.52 0.61 233

Entertainment KNN 0.88 0.66 0.75 2007 0.87 0.90

Politics 0.86 0.97 0.91 5102

Tech 0.85 0.37 0.52 202

4.2. Deep learning results

The results of the analysis using the Deep Learning algorithm LSTM and the

Word2Vec word embedding algorithm are given in Tables 11,12 and 13.

Table 11
NER Analysis of Results Without Filtering

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment LSTM 0.87 0.83 0.85 6429 0.84 0.92

Politics 0.82 0.94 0.88 7182

Tech 0.89 0.26 0.41 1067

Table 12
Analysis of Results According to 10% Threshold Value

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment LSTM 0.76 0.78 0.77 1988 0.86 0.90

Politics 0.90 0.92 0.91 4905

Tech 0.64 0.10 0.17 181
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Table 13
Analysis of Results According to 5% Threshold Value

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment LSTM 0.80 0.78 0.79 1971 0.87 0.91

Politics 0.91 0.94 0.92 5146

Tech 0.66 0.21 0.31 194

4.3. Language model results

The results of the analysis using the BERT language model are given in Tables 14,

15 and 16.

Table 14
NER Analysis of Results Without Filtering

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment Bert 0.82 0.83 0.82 6434 0.80 0.91

Politics 0.78 0.88 0.83 7185

Tech 0.93 0.11 0.20 1067

Table 15
Analysis of Results According to 10% Threshold Value

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment Bert 0.86 0.57 0.68 1955 0.83 0.91

Politics 0.83 0.97 0.89 4907

Tech 0.88 0.11 0.19 212

Table 16
Analysis of Results According to 5% Threshold Value

Category Algorithm Precision Recall F1 Score Support Accuracy Auc

Entertainment Bert 0.68 0.82 0.74 2025 0.83 0.91

Politics 0.91 0.85 0.88 5106

Tech 0.71 0.27 0.39 180

5. Results and discussion

In this study, three different models were executed to classify the data set using NER

Filtering. First, classic machine-learning algorithms, then LSTM, and finally the

BERT language model were used to solve the classification problem. The results of

the best performance analysis results are given in Table 17, loss graph and complexity

matrix for the model executed with various techniques, and the parameters are given

in Figures 3, 4, and 5. For all three approaches it was found that more successful

results were obtained as the number of filtered entities increased. With the classic
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machine-learning algorithms, support vector machine (SVM) with 5% NER filter value

gives the best results in terms of analysis time, roc curve, and accuracy. Figure 3 shows

Roc and the precision-recall curve.

Figure 3. Roc and Precision-Recall Curve of SVM Algorithm with 5% NER Filter Value

The Word2Vec word embedding algorithm was used in the analysis with the deep-

learning algorithm LSTM. The 5% NER filter value gives the best result in terms of

analysis time, roc curve, and accuracy. Figure 4 shows the Roc and precision-recall

curve for LSTM.

Figure 4. Roc and Precision-Recall Curve of LSTM Algorithm with 5% NER Filter Value

In the analysis with language models the BERT algorithm was used. In terms of

analysis time, roc curve, and accuracy, 10% and 5% NER filter values give the best

results at similar rates. Figure 5 shows the Roc and precision-recall curve for the

BERT language model.

It is seen that the achieved success is higher in the analysis with classic machine-

learning algorithms. In the analysis with deep learning and language models, it is
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Figure 5. Roc and Precision-Recall Curve of the BERT Algorithm with 5% and 10% NER

Filter

understood that the NER effect, which is the main purpose of the study, is better

measured, although the model performance is low. The main reason for the low

performance of these models is known to be the inadequate data set. Large data sets

show more successful results in deep-learning analysis [17,22].

Since classification problems are solved with a statistical approach in classic

machine-learning studies, the semantic relationships between words are not taken

into account, and the extraction of words defined as NER is not very effective. In the

analysis, the success of some algorithms decreased after NER filtering and it shows

that the performance of algorithms that offer a statistical approach decreases when

the number of words decreases.

However, since the main factor in deep learning and language models is based

on working with neural networks and the relationship of words to each other, it is

observed that the success of the models increases as the number of filtered entities

increases. Table 17 shows the effect of the algorithms used in the study before and

after using NER.

Table 17
Impact of NER Filtering on Model Success

Algorithms
Acc with NER

Filtering (%5)

Auc with NER

Filtering (%5)

Acc Without

NER Filtering

Auc Without

NER Filtering

Prediction Time(s)

with NER Filtering

Prediction Time(s)

Without NER

Filtering

Status

SVM 0.93 0.96 0.93 0.97 120 129 Neutral

MultinominalNB 0.92 0.97 0.91 0.97 118 126 Positive

BernolliNB 0.91 0.96 0.92 0.97 122 127 Negative

RandomForest 0.91 0.95 0.90 0.96 117 122 Positive

MLPClassifier 0.91 0.96 0.92 0.97 118 123 Negative

Decision Tree 0.89 0.86 0.88 0.87 119 123 Positive

KNN 0.87 0.90 0.81 0.85 118 120 Positive

LSTM 0.87 0.91 0.84 0.92 123 130 Positive

Bert 0.83 0.91 0.80 0.91 126 133 Positive

When the results are analyzed it is determined that although the SVM algorithm

has high accuracy rates in classification success, the filtering has no effect (neutral) on

the result obtained as a result of removing the words detected as entities. BernolliNB

and MLPClassifier algorithms, on the other hand, showed a decrease in performance
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with NER filtering, that is, a negative change was detected. In neural network-based

deep learning and language models, it was found that as the number of filtered entities

increased the success increased, and there was a positive change.

6. Conclusion and future works

The classification method is frequently used to generate meaningful data from large

data sets. In our study, which aimed to increase the classification performance by

extracting the entities detected in the data set, the data labeled in various cat-

egories were run with classic and modern algorithms, and significant results were

obtained. The performance of the classification problem was further improved by

identifying entity names in the preprocessing process. Although the Acc values of

classic machine-learning algorithms were higher with NER filtering, it was observed

that the model successes with deep-learning algorithms based on semantic integrity

and the pretrained language model increased with filtering, but the model successes

remained lower.

In this study the classification performance of news texts extracted from a news

website was measured with a new approach. In the new approach, I observed in

the experiments of this study and in the literature [35, 49] that removing all entities

in preprocessing regardless of the number of entities in a sentence fails to correctly

classify it. However, the success of the model was slightly improved by eliminating

entities below a certain threshold value in the sentence. These thresholds were de-

termined by trial and error. When the threshold was 0 all assets were included in

the analysis. In this way I measured the loss of performance between the exclusion

and inclusion of assets. At 5% and 10%, certain assets were eliminated according to

the formula in Equation 3. In tests above 10% the model performance gets becomes

worse and worse. The Spacy [1] library was used to detect the entities. In classic

machine-learning algorithms, tfidf is used to separate words into vectors, while the

CBOW algorithm is used in the Word2Vec model for the deep-learning phase and the

BERT Tokenizer algorithm is used in languages model for word embedding.

When the results of the study are evaluated, it is observed that the filtering

process contributes to the classification success in the analysis performed by extracting

the words detected as NER from the dataset. Statistical machine learning algorithms

showed the highest classification success. It has been observed that deep learning and

the pretrained language model also increase the classification success with the filtering

process and provide more semantically accurate classification. Although the results

of the LSTM and BERT models are not too bad, their success is lower because the

word similarities and convergence between neural networks cannot be done properly

after the entities are removed. This is because LSTM and BERT run the Word2Vec

word vector algorithm and the neural network model.

NER filtering increased success in six algorithms used in the study. However, as

can be seen in Table 17, it negatively affected the model’s success in two algorithms.
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Although the classification success remained the same for SVM and LSTM, BERT

benefited more from the filtering.

Although classification problems are known as categorization alone, improve-

ments in the results of neural network-based models are very important in natural

language processing studies such as text summarization, predicting the next word,

correcting ambiguity, and text generation. In this context, it is observed that the

results of our study are better than the achievements in NER studies using classical

neural networks [53]. Although there are studies on the effect of preprocessing pro-

cesses on classification performance in text classification studies, there is no study

that includes entity names in the preprocessing process, and there is only one study

that only performs filtering. For this reason, our study differs from existing studies

in terms of model performance and novelty.

In future studies, based on this method, it is aimed to perform similar analyses on

larger datasets with more powerful computer components and increase performance

in terms of time and performance. The algorithms used in this study have been run

with larger datasets in the literature; the model parameters were fine-tuned to adapt

to larger datasets. It is also planned to extract and run disambiguating NER word

types from this dataset in future studies.
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Yöntemleri Kullanılarak Sınıflandırılması, ESTUDAM Bilişim, vol. 2(1), pp. 15–
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