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ABSTRACT: The banking industry must make swift and reliable assessments in credit-granting processes that
inherently involve high risk and must be grounded in information about the customer. In credit risk analysis, it is
important to consider not only the customer’s past performance and financial position but also the news circulating
in the media environment. However, it is not feasible to manually review the large volume of news produced on a
daily basis.

This study introduces a novel, automated framework that utilizes a two-stage approach—Named Entity
Recognition (NER) followed by sentiment analysis using Turkish BERT-based models—integrated with a scoring
algorithm to evaluate customer-related news. The research was conducted using a dataset comprising over 300
RSS news items related to 18 distinct customers. By collecting news from RSS feeds and sequentially processing
them, the developed framework enables the classification of news items as positive, negative, or neutral, allowing
these scores to be integrated directly into credit evaluation processes. Experimental results indicated that the
proposed model reliably identifies and classifies the sentiment of customer-related news items in a manner
consistent with business experts’ assessments. Specifically, the model outputs serve as actionable insights; a high
frequency of negative news acts as an early warning signal to trigger deeper risk investigation, whereas consistent
positive sentiment can expedite the approval process for low-risk applications. The evaluation confirmed that the
system can automatically collect and analyze news content, supporting faster and more objective decision-making
compared to manual review processes.

Keywords: Credit risk analysis, sentiment analysis, named entity recognition, BERT, MongoDB.

1. INTRODUCTION

Today, the banking sector conducts a multidimensional credit evaluation process that relies not
only on financial indicators but also on unstructured data sources related to large-scale
customers. In this process, external textual data such as media content is becoming increasingly
critical for gauging public perception about the customer. Yet it is not possible to manually
examine and make sense of the hundreds of news items produced on a daily basis. In this
context, NLP- and machine-learning—based methods play a strategic role in achieving this goal

[1].

This study covers the design and implementation of an automated system that performs
customer-level sentiment analysis on news content and contributes to credit risk evaluation
processes. The system is structured by collecting and analyzing more than 300 news items
relating to 18 different customers from RSS sources. Through Turkish BERT-based models [2]
specifically selected for this task, the news texts undergo both named entity recognition (NER)
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and sentiment analysis. While the NER stage identifies which customer a news item refers to,
the sentiment analysis module determines each news item’s label (positive, negative, neutral),
and these signals are integrated into the scoring model.

Within the data-processing pipeline, a .NET Core infrastructure and a MongoDB-based data
store are used; news texts are collected and analyzed automatically at regular intervals. Splitting
long texts into segments so as not to exceed the model’s 512-token input limit has been one of
the key preprocessing steps that improves analytical accuracy. Model outputs are evaluated
together with confidence scores; the emotional impact of each news item is transformed into a
numeric value, and customer-level average scores are computed.

In the scoring model developed in this study, the sentiment labels associated with the text
segments of each news item are evaluated by weighting them with the model’s confidence
score. Confidence scores for positive and negative labels are accumulated, and the label with
the highest total confidence determines the overall sentiment of the news item. The resulting
values are expressed as scores close to +1.00 for positive sentiments and to —1.00 for negative
sentiments; the average of these scores at the customer level is used as the overall media
sentiment score.

The contribution of this study to the literature can be considered under two main headings. First,
there is a limited number of multi-news analysis studies conducted in Turkish. In this respect,
it constitutes an important example for NLP applications in low-resource languages. Second,
integrating two distinct NLP components—sentiment analysis and named entity recognition—
and making them usable in the context of credit risk represents a hybrid approach. In addition,
making the developed scoring model usable as a numerical decision-support tool enables news
analysis to move beyond purely qualitative assessments and produce measurable outputs. In
these respects, the study provides a concrete contribution to the development of Al-based tools
for financial analysis.

The integration of NLP methods into financial decision-making processes has attracted growing
interest in the literature in recent years [3]. In particular, the analysis of unstructured text sources
such as news content, social media posts, and press releases has made it possible to discover
new risk indicators beyond traditional financial metrics. Accordingly, methods such as
sentiment analysis and named entity recognition have begun to play important roles in client-
focused media tracking and credit risk evaluation processes [4]. A large share of studies on
credit risk prediction have remained limited to historical financial data; however, recent
research has shown that such systems can be enriched by the analysis of text-based data [5]. By
quantifying positive or negative judgments derived especially from news texts, sentiment
analysis adds a new dimension to decision-support systems. That said, many studies in the
literature focus only on English-language datasets, while the number of applications for
morphologically rich languages such as Turkish remains quite limited [6]. For example, it is
possible to evaluate credit applications of prospective customers using NLP methods in credit
risk assessment. Combined with information obtained from social media and other text-based
data, sentiment analysis provides a more comprehensive picture of creditworthiness. Analyses
employing NLP can surface emotional and social signals about the financial status of corporate
clients [7]. Emotional factors are known to have significant effects especially in financial
markets. In the research by Cetin and Eryigit, how consumer perception is shaped through
analysis of the sentiment of social media comments is examined. Such studies provide critical
information for banks and financial institutions seeking to understand customer behavior.
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Analyzing customer sentiment supports banks in making more effective and informed choices
in lending decisions [8].

Sentiment analysis stands out as a method that can be used in banking customer-experience
research. By systematically examining customer feedback in big data, sentiment analysis allows
us to understand how customers feel about banking services. Studies on sentiment analysis for
Turkish texts have contributed to deepening this field. In this context, there appears to be a
strong link between sentiment analysis and customer satisfaction [9]. On digital platforms,
sentiment analysis helps evaluate the performance of products and services. For example,
comments collected via social media can provide an overall sentiment view related to banking
services. Tokcaer emphasizes the importance of examining the usability of digital services
based on sentiment analysis. Thus, banks can better understand which areas receive negative
feedback as they improve their services [10]. The impact of social media becomes more
pronounced especially with big data and data-mining applications. User comments and posts
can be processed through sentiment analysis to capture the current situation. Sentiment analysis
allows content shared on social media to be classified as positive, negative, or neutral. For
instance, social media analyses can be used to assess market perceptions that influence a bank’s
lending decisions [11]. Ilhan and Sagaltic1 performed sentiment classification of user posts on
Twitter using machine-learning methods such as Naive Bayes and Support Vector Machines
(SVM). Such studies present applicable models for interpreting social media data and help
evaluate a company’s image on social media by analyzing user sentiment [12].

When credit risks faced by banks are measured effectively, this helps maintain financial
stability. [ldas’s work emphasizes the importance of accurate measurement methods as the first
step in risk management. In this context, combining the data obtained from sentiment analysis
with different factors that determine creditworthiness lays the groundwork for banks to make
healthier and more efficient credit decisions [13]. As banks develop sentiment analysis methods
by leveraging social media data, they particularly benefit from machine-learning techniques.
For example, in the study conducted by Demirbilek and Demirbilek, machine-learning methods
that analyze user sentiments using data obtained from user comments are discussed. Such
techniques help banks evaluate the financial behavior and credit-usage potential of individual
customers [14]. The evaluation of social media data in lending processes provides important
information not only for retail loans but also for corporate loans. Kabaklarli’s work examines
the impact of credit card usage on monetary policy, revealing the relationship between
individuals’ borrowing behavior and markets. Accordingly, sentiment analysis of social media
can be used to better understand individuals’ credit card usage and borrowing behavior [15].
Similarly, by analyzing users’ posts on social media platforms, banks can observe levels of
customer satisfaction and potential risk factors. Celik and Akbulut’s study analyzed user
comments using sentiment analysis techniques on Twitter and emphasized the importance of
this information in banks’ strategic decision-making processes [16]. Sentiment data obtained
from social media provides indirect information about users’ financial situations. For example,
Sel’s work notes that individual and corporate perceptions on social media can be made
measurable through sentiment analysis. Such analyses provide valuable information that banks
can use in lending processes, laying the groundwork for better evaluations leading to credit
approval or rejection [17]. Sentiment analysis techniques are applied using different machine-
learning methods, thereby enabling the derivation of meaningful insights from large datasets.
Yildirim’s research, for instance, addresses the development of Al-based methods proposed for
sentiment analysis. Such automated systems allow banks to rapidly analyze complex and large
datasets to better understand important factors affecting lending [18]. Furthermore, research on
sentiment analysis on social media has increased in recent years. Demirel and Tapan’s study
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examined the relationship between social media addiction and purchasing behavior and
emphasized how such analyses can be directive in financial decisions. Considering social media
trends and user sentiment when evaluating loan applications offers banks a broader perspective
[19].

2. MATERIAL

The dataset used in this study consists of more than 300 RSS news items relating to 18 different
customers. The objective is to systematically collect the content published about customers in
the online media environment and store it in a form suitable for analysis using NLP methods in
subsequent stages.

2.1. Data Sources and Coverage

Data are obtained from RSS (Really Simple Syndication) [20] feed endpoints provided by
national and local news sites. RSS is preferred because (i) it offers a standardized metadata
schema (title, link, description, date), (ii) it allows new content to be captured without delay,
and (iii) it enables the establishment of a scalable collection mechanism for high-volume flows.
In this study, topic/page feeds deemed relevant to the customers were monitored, and content
published over the period was pulled at regular intervals.

2.2. Collection Frequency and Scheduling

Feeds were queried periodically via a scheduled-job mechanism. At the application level, this
job was activated with short-interval triggers (on the order of minutes; e.g., 180 seconds), and
new RSS items were checked at each trigger. Periodic execution ensures that hourly/daily
fluctuations in news production are not missed and that the dataset remains up to date.

2.3. RSS Parsing Process

The collected news data were parsed in XML format and converted into a structured dataset.
From each news record, the following fields were obtained:

o title: news headline

e link: URL that points to the original content

e description: summary/body text of the news

e pubDate: publication date-time

An example JSON record of a news item stored in the database is shown below:

{
" id": "Objectld('66f1d4cede5be6568e2cb6ac7')",

"title": "THY’s credit rating upgraded",

"link": "https://www.ahaber.com.tr/ekonomi/2024/09/19/thynin-kredi-notu-yukseltildi",
"description": "<img src="https://iaahbr.tmgrup.com.tr/77319e¢/1200/675/0/20/850/498>...">",
"pubDate": "Thu, 19 Sep 2024 12:33:10 +0300"
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}

During parsing, date fields were converted into a standard format; text fields (title and
description) were stored as UTF-8. These fields constitute the primary input of the subsequent
text-processing stages.

2.4. Storage Structure

The data obtained were stored in a NoSQL database (MongoDB). Source information and news
content were kept in separate collections. In this way, source management (add/remove/update)
and content management (search, deduplication, reprocessing) were made independent and
scalable. Each news document contains the following information: source ID, title, link,
description, and publication date. This design is conducive to associating text preprocessing
and model outputs (e.g., named entity recognition results) with separate collections in later
stages.

2.5. Language and Content Characteristics

The dominant language of the content in the dataset is Turkish. The news covers customer-
oriented themes such as the economy, corporate announcements, investment, and sectoral
developments.

2.6. Integrity and basic quality checks

During collection, link-level duplication risk was monitored; inserting the same link repeatedly
was prevented. Care was taken to store timestamps consistently, thereby improving the
reliability of time-based queries in period analyses.

2.7. Ethics and access

All data were obtained automatically from publicly available RSS feeds. The content was used
solely for text mining and statistical analysis within the scope of the research; copyright and
access conditions were observed.

3. METHODS

This section describes the method by which data obtained from news feeds are processed end
to end and transformed into a numeric sentiment indicator at the customer level. The diagram
(Figure 1) summarizes the data pipeline within the scope of the study—from collecting data
from RSS sources to storing them in MongoDB, applying preprocessing steps, running Turkish
BERT-based NER and sentiment analysis, then computing the average sentiment at the
customer level via the Scoring Model, and finally integrating the results into credit-risk decision
support.
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Figure 1. Data set and methodology flowchart
3.1. Scheduled Data Acquisition and RSS Parsing
News sources are triggered at specified intervals via a job scheduler. In the application, a
Quartz-based scheduler is started, a job and a trigger are created, and the workflow is configured
to run at short periods (e.g., 180 seconds). Each trigger initiates content retrieval from RSS
endpoints and the processing of new items. RSS responses are parsed as XML; from each item
node, the fields title, link, description, and pubDate are extracted.

3.2. Persistent Storage and Data Management

Parsed items are persisted on MongoDB. Source endpoints and content items are tracked in
separate collections to support flexible querying, deduplication, and reprocessing scenarios.

3.3. Text Preprocessing

Before the sentiment analysis and NER stages, HTML markup in RSS descriptions is cleaned
to obtain plain text. This step aims to make model inputs consistent and to reduce noise. Before
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the subsequent segment-based processing to be applied to long texts, content normalization is
completed.

3.4. Named entity recognition (NER)

A BERT [21]-based NER model was applied to Turkish texts to extract named entities such as
persons, organizations, and locations. The implementation utilized the Hugging Face
Transformers library [22] and a Turkish BERT model fine-tuned for NER [23] via the
pipeline("ner", grouped entities=True) function. This configuration allows adjoining entities
(e.g., “Ahmet Yi1lmaz”) to be merged as a single item while producing label, confidence score,
and positional information for each entity. The NER outputs were stored in a separate collection
linked to the corresponding news ID, thereby improving the accuracy of customer mapping and
ensuring reliable input for subsequent scoring processes.

3.5. Sentiment Analysis

At the implementation stage, the Turkish BERT model fine-tuned for sentiment analysis [24]
was run via the Hugging Face Transformers framework [22]. Unlike standard rule-based
approaches, this model is built upon the BERT-Base architecture (12 layers, 768 hidden units,
12 attention heads, and 110M parameters). The model was fine-tuned on a diverse dataset
comprising approximately 49,000 labeled samples, including movie reviews, product
comments, and tweets. During the fine-tuning phase, the AdamW optimizer was employed with
a learning rate of 2e-5 and a batch size of 32 over 3 epochs to minimize the cross-entropy loss.
Regarding performance metrics, the model demonstrates high reliability with an accuracy of
approximately 95% and an F1-score of 94% on the test set [24]. The model predicts one of three
possible classes (positive, negative, or neutral) for each news text and produces a confidence
score for that class.

To accommodate the model’s input limitation of 512 tokens, long news texts were divided into
overlapping segments. Although the BERT architecture supports sequences up to 512 tokens,
processing inputs at maximum length substantially increases computational complexity and
inference latency due to the quadratic nature of the self-attention mechanism [21]. Conversely,
using overly short segments (e.g., 128 tokens) risks weakening long-range semantic
dependencies, which play a critical role in interpreting multi-sentence news narratives [25].
Therefore, a window size of 256 tokens was selected in this study to achieve a practical balance
between computational efficiency and the preservation of semantic coherence. This
configuration ensures that the emotional tone of the text is captured consistently without
incurring unnecessary processing overhead.

The sentiment predictions for each segment were consolidated using a cumulative-confidence
approach. In this method, confidence values for each class were summed, and the class with the
highest total confidence was assigned as the overall sentiment label of the news item. In this
way, sentiment variations observed across different parts of the text were unified under a single
overall assessment.

The resulting (label, confidence) pair was matched with the corresponding news record in the
database and passed directly as input to the module where the customer-level media sentiment
score is calculated. This structure enables the sentiment information extracted from text to be
integrated into analytical processes in a traceable and measurable manner.
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Example:

URL: https://www.haberturk.com/bim-ceza-hukuksuz-ve-hakkaniyetsiz-3767136-ekonomi

Model outputs:

e Window 1 — positive, score: 0.70
e Window 2 — negative, score: 0.98
e Window 3 — negative, score: 1.00

Aggregated result (cumulative confidence):

Class totals — positive: 0.70; negative: 1.98; neutral: 0.00
Overall sentiment label: Negative

Total confidence (negative): 1.98

Number of segments (negative): 2

Confidence score (mean of negative windows): 0.99 (= 1.98 / 2)

In this example, segment-level predictions produced by the model are combined based on the
cumulative confidence value, and the result is determined with a high level of confidence in the
negative direction.

3.6. Scoring Model

To compute a general sentiment score, for each news item we have:

e Sentiment label (positive or negative)
e Confidence score (between 0.51 and 0.99)

Weighted Overall Score
We score each news item as positive or negative:

e Add confidence score to sum for a positive emotion
e Subtract confidence score from sum for a negative emotion

Then we divide sum by the number of news items (Equation 1):
Y. (semantik_score)

Overal Score = (1)
total_news

This score gives the following comments:

e close to +1.00 : Highly positive news
e around 0.00 : Neutral or mixed
e close to—1.00 : Highly negative news

3.7. Reporting and Integration

Final customer scores are reported with table and chart outputs; when needed, they can be
exported in formats such as CSV. The results are integrated as a complementary indicator into
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credit risk evaluation processes. The continuously running scheduler and parsing components
support the continuity of data flow in production environments.

4. EXPERIMENTS

In this section, the overall view of media-based sentiment scores for 18 anonymized
customers (Figure 2) and evaluations for three specific customers are presented. News texts
were processed with a Turkish BERT-based classifier; segment results were reduced to the
news level, recorded in the form (label, confidence), and converted into a sentiment score at
the customer level via a weighted average. The score range is [-1, +1]: positive values
indicate positive media perception, negative values indicate negative media perception. The
dataset used in this analysis is openly available on Zenodo [26].

Firml1llr
Firm5
Firm18
Firm3
Firmé
Firm13
Firm15
Firm1lp
Firm4
Firm9
Firm14
Firm8
Firm16
Firm10
Firm17
Firm2 |
Firm12
Firm7 |

-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Sentiment Score [—1, +1]

Figure 2. Overall view of media sentiment scores for 18 anonymized customers

4.1. Firm1

The overall view (Figure 3) indicates a composition in which positive-toned content is
dominant in number and magnitude, while a small number of negative items pull the average
down only to a limited extent.

Number of news items: 11

Class distribution: 8 positive, 3 negative
Sectors: Construction, Energy, Tourism
Average directional score: +0.412
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Figure 3. Directional score series by news item for Firm1

Credit Risk Commentary: Perception is moderately positive. Standard monitoring should be
maintained; a cautious approach is advised against sector-driven volatility. Validation with
operational performance and cash-flow indicators is recommended. Sector: Construction,
Energy, Tourism. Short-term fluctuations due to sectoral external shocks and news intensity
should also be taken into account in the decision process.

4.2. Firm17

The view (Figure 4) indicates a mildly negative tendency in which a small number of negative
items with high absolute magnitude exert downward pressure on the average.

e Number of news items: 7

e (lass distribution: 3 positive, 4 negative
e Sectors: Energy, Textile, Technology

e Average directional score: —0.139
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Figure 4. Directional score series by news item for Firm17

Credit Risk Commentary: Perception appears neutral/mixed. Because the news composition
is mixed, the standard monitoring framework should be maintained; an approach sensitive to
subsequent news flow should be adopted. Sectors: Energy, Textile, Technology. Short-term
fluctuations due to sectoral external shocks and news intensity should also be taken into
account in the decision process.

4.3. Firm18

The fact that all news items fall in the positive class and that the lower bound remains high
indicates a strong and one-directional positive perception over the period (Figure 5).

e Number of news items: 8

e (lass distribution: 8 positive, 0 negative
e Sector: Mining

e Average directional score: +0.891
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Figure 5. Directional score series by news item for Firm18

Credit Risk Commentary: Media sentiment is strongly positive. In the short term, it
provides a supportive signal on reputation and demand; the standard monitoring period
appears sufficient. A window of opportunity may emerge for new products/limits.

5. CONCLUSIONS

This study shows that texts obtained from news can be processed within an end-to-end pipeline
and transformed into a unique and interpretable sentiment indicator at the customer level.
Thanks to the combined operation of RSS-based data acquisition, basic text cleaning, named
entity recognition, and Turkish BERT—-based sentiment classification, it has been possible to
produce decision-ready outputs in the form of label + confidence from high-volume and
irregularly flowing content. In an application setting consisting of 18 customers and more than
300 news items, the method operated with low latency and in a traceable manner; carrying
decisions at the news level into a customer-level weighted score simplified reporting and
integration processes.

The findings stand out along three axes. First, the segmentation and aggregation steps limited
context loss in long texts and increased label consistency, while mapping news items to the
correct customers worked reliably. Second, customer-level sentiment scores diverged markedly
by period and event type; this suggests that media perception carries a complementary signal
independent of classical financial magnitudes. Third, the asymmetric effects of
positive/negative event clusters on the score offer a practical early-warning function in decision
areas such as adjusting monitoring periods and revising limit and collateral policies.

Nevertheless, the method has natural limitations. The fact that RSS feeds sometimes provide
only summary content can weaken the sentiment signal and cause some content to fall outside
the scope. The model’s sensitivity to thresholds and class balance and linguistic phenomena
such as irony/sarcasm remain points of vulnerability. In multi-entity news items containing
organizations with the same or similar names, customer disambiguation may require additional
rules. In this context, periodic threshold calibration, expansion of coverage, and enrichment of
disambiguation logic are important.
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Future work aims to advance along the dimensions of coverage, models, and institutional
integration. On coverage, the controlled addition of channels beyond RSS (full-text extraction,
regulatory announcements, corporate filings, and appropriate social sources) will increase
signal diversity and coverage ratio. On models, testing up-to-date architectures for Turkish
(e.g., RoBERTa/DeBERTa variants and multilingual approaches) and adding aspect-based
sentiment together with event type and severity extraction will strengthen the interpretability of
the method’s outputs. In terms of institutional integration, it is planned to link the sentiment
score with quantitative risk components such as PD/LGD/EAD, to support it with uncertainty
calibration and explainability techniques, and to mature MLOps-oriented monitoring and
versioning processes.

In conclusion, news-based sentiment analysis and customer-level scoring appear to be addable
to credit risk monitoring and reputation management frameworks as a scalable, traceable, and
actionable layer. Enriching the method with different data sources, updating the model family,
and deep integration with risk models will increase both predictive power and business-value
creation. Thus, it becomes possible to transfer media-derived signals into institutional decision-
making processes in a systematic and reproducible manner; with future enhancements, both the
coverage and the decision-support capacity of the method are expected to grow.
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