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Abstract : Fraudulent payroll accounts are a significant issue in the financial and payroll services market. About 75 percent of
employees have stolen from their employer once, 20 percent have stolen at least twice, and half of this figure has stolen at least
three times or more. The increased use of direct deposit has made it easier to steal the identity of a small payroll customer. A
fraudulent account is set up with apparently legitimate credentials, and the account’s data set is changed after the customer’s login
authentication returns an all-is-ok status. The direct deposits are then quickly withdrawn. It’s an ongoing game of cat-and-mouse:
after a bank improves or alters its fraud detection system, criminals quickly adapt to avoid it. Small-scale business contract fraud is
accepted and paid as normal business expenses, and there is extremely little fraud detection technology in place to pick up the
kickback schemes. This type of fraud can bring a company to its knees. (B) Automated fraud detection in payroll and financial
management services harnesses sophisticated deep learning architectures. Computers do the heavy lifting for identifying patterns,
obtaining insights, making decisions, and taking action. Unless large fraudulent datasets are already commercially available, the
models are unable to understand or predict fraud when trained only on legitimate transaction data. Constructing artificially
oversampled imbalanced data sets leads to flawed models. A self-training active learning ensemble stack of models using transaction
authentication data is described. It directly leverages fraud patterns in a mostly-unlabeled data set and requires minimal retraining
when a pattern changes. Model performance is measured with area under the ROC curve, and this method outperforms existing
techniques.

Keywords: Data sharing, fraud and anomaly detection, payroll, small business, privacy preservation, collaborative DL, financial
services.

1. Introduction

Automated fraud detection systems play a significant role in ensuring that payroll and financial management transactions are safe. This
paper presents a concise study of the latest Deep Learning (DL) architectures that are specifically utilized for automated detection of
monetary deception in companies providing payroll and financial management services. The curated DL models are based on their
architecture, methods, the technical details of how they were used in the original study, the dataset employed there, and their primary
results. In general, the financial industry is vulnerable to fraud threats and their impact can be huge, particularly for small businesses.
This study aims to inform and empower transaction processors, payment processors, or payment service providers, legally responsible
for conducting automated transactions of small businesses. Providing assistance to supervise, identify, and deter deliberate deception
in-house and out-house financial transactions may be of strategic value to these stakeholders.

Digital transaction processing is widely applied in small businesses to facilitate payroll and financial management transactions. For
instance, retail businesses may process a large number of sales transactions daily, for which payment processors are employed to handle
credit card and debit card payments. Similarly, payroll processors can be used to dole out workers” wages as flat-rate or hourly
transactions. The digital sector is the pioneering industrial sector in exploiting digitized financial transactions. Therefore, COVID-19
resulted in fraud in this industry, which led to a sudden spike in its implications.
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Fig 1: Financial Fraud Detection

1.1 Background and Significance of Fraud Detection in Payroll and Financial Management Services

Fraudulent transactions and how to detect them remain a significant problem for financial institutions around the world. Fraud
comes with a high cost for financial organizations, damaging the financial well-being and trust of a financial organization's users.
Small and medium enterprises (SMES) are particularly vulnerable. SMEs account for 99.9% of the country's enterprises and represent
60% of the private sector. Given their significant presence in the economy, up to 58% of small businesses experience financial fraud
in a specified period. A common form of this fraud comes in the form of "social attacks," where scammers use deceit and manipulation
to trick targeted employees into making illegal payments, accessing sensitive information, or updating account details, among other
things. Although large financial organizations could possess the instrumental capacity to identify and prevent fraud, in the case of
SMEs, the risk of exploitation of such schemes undermines their ability to recognize fraud attempts and take preventive measures,
which can occasionally lead to significant financial losses. To alleviate this situation and protect these vital entities, there is a pressing
need for the development of high-performance automated fraud detection solutions, tailored to SMEs using modern deep learning
algorithms.

Equation 1: Model Architecture (Neural Network Layers)
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Where:
o h¥is the activation of the I-th layer,
o WU is the weight matrix for the I-th layer,
o b!is the bias vector for the I-th layer,

» o(-) is the activation function (e.g., ReLU, Sigmoid, or Tanh).

2. Literature Review

In this Section current and related work in the area of online financial fraud detection are reviewed. As financial transactions increase
rapidly, online financial fraud has become an important part of internet crime. There are a variety of ways in which online financial
fraud is committed. The structure containing these elements (financial transactions, fraud types, features, ML algorithms and
performance metrics) comprises a hybrid form of the systems used in the reviewed works. The mentioned and reviewed algorithms:
Logistic Regression, Random Forest, decision tree, SVM and Neural Network are the most commonly used for detecting online financial
fraud. In recent years, many works have been published on the topic of online fraud detection. There have been many methods proposed
in the literature to accurately detect online financial fraud, but the issue requires remarkable improvement in order to predict online
financial fraud more accurately.

In recent years, online financial fraud has been observed increasing, ranging from credit card fraud to account takeover fraud. To fight
against sophisticated evildoers operating in the form of organized crime, fraud teams are being established. The main mission is to
address fraudulent charges becoming the hardest category to detect and the category that brings along most false positives. Although
under immense pressure from regulators and card associations, there is an absence of guidance particularly on model selection,
validation, and evaluation, a unified metric, and how to signal to the regulator that the organization has done enough. Moreover, not
much academic work is devoted to studying the detection of fraudulent charges.

2.1. Traditional Methods of Fraud Detection in Payroll and Financial Management Services

Fraud have existed for a long time, long before computers, bank cards, and other technologies. The ‘modern’ face of fraud is not
different from the old one, except that it is perpetrated over the internet. The growth in new technology has multiplied the avenues
through which fraudulent behavior can be perpetrated. A foundational approach to studying fraudulent behavior is the ‘fraud triangle’.
Cressey emphasized the elements that must be present for fraud to occur. For fraud to manifest within a set of circumstances, three key
elements must be present: the first is the incentive or pressure, the second is the opportunity, and the third is the rationalization by the
perpetrator.
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Irrespective of channel type, financial institutions are faced with combating a staggering volume of fraudulent transactions. In the
context of credit transactions, for instance, criminals have seemingly unlimited patience to reconstruct a client's credit card and siphon
off funds. In recognition of this, finance regulators have exhorted businesses to consider innovative solutions that are rooted in machine
learning to help detect and mitigate fraud. Machine learning is a method that blends computer algorithms with statistical modeling,
enabling computer systems to learn from training data. These systems can then be used to predict the outputs of new data. Recently,
deep learning methods have been shown to produce state-of-the-art results over conventional machine learning methods in many
domains. Deep learning is a form of machine learning involving artificial neural networks that can be utilized to decipher the intricate
relationships in data. In the context of fraud detection, this can mean detecting fraudulent behavior from billions of legitimate
transactions, which can be likened to finding a needle in a haystack. Various machine learning and deep learning approaches have thus
far been explored to assist in the early identification of deceitful behavior to help minimize the risk of business catastrophic loss.
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Fig 2: Traditional Methods of Fraud Detection
2.2. Advancements in Deep Learning for Fraud Detection

Fraud can be greatly reduced if detected timely, which has made fraud detection an important research field in recent years. With the
development of artificial intelligence and machine learning, a variety of new methods for fraud detection have emerged, providing a
new approach for fraud detection research. Fraud detection can generally be seen as a classification problem, while the predictors are
usually built by supervised machine learning algorithms currently. In order to improve the performance of fraud detection, different
prediction models have been proposed in the past, and it has been found that the prediction model has a great influence on the fraud
detection performance. Deep learning based on neural networks has received widespread attention due to its excellent performance in
various fields. On the other hand, fraud detection research is often presented as a classification issue, while the research object of deep
learning is how to accurately represent the data. Deep learning can encapsulate complex features in the data and make predictions based
on them.

Currently, there is no in-depth discussion in the literature on how to choose from conventional machine learning methods and deep
learning to design the prediction model for fraud detection. The trade-off between conventional methods and deep learning mainly
focuses on the interpretability of the model, the generalization of the data representation, and the availability of the data. Although many
conventional machine learning methods have a good interpretability, they usually can’t represent the data well enough compared with
deep learning. On the other hand, many deep learning models are over complex, and it is difficult to understand the implicit logic behind
them. Besides, modeling with deep learning requires a large amount of training samples, while these samples are often difficult to obtain
in real problems. There is currently no in-depth discussion on addressing the unbalance between detection rates and false positive rates
in the detection results. This is because the selection of indicators to evaluate the predicted results is often arbitrary and is not necessarily
appropriate. For instance, it is observed that the AUC value is more than 0.99 when the probability threshold is very high in the ROC
curve, although this model is difficult to evaluate. If the fraud detection model assesses the detection results based on a certain level of
FP rate (e.g., 1%), it is found that the TDP and BDT models have the best TPR performance while maintaining an acceptable level of
FPR performance.

3. Theoretical Foundations of Deep Learning

This section introduces fundamental machine learning and privacy principles relevant to readers unfamiliar with the domains outlined
in the introduction. It also discusses standard definitions in differential privacy literature, together with a summary of relevant work on
privacy-aware machine learning and fraud detection systems. Lastly, this part covers technical background concerning sequence-to-
sequence learning with integrated side modules, which is elucidated utilising Transformers. Transformation mechanisms applied to
token level inputs (featuring attribution values) are detailed, as well as the attention-based aggregation of token level embeddings to
input data sequences.

Innovation in machine learning (ML) methodologies and data availability over the last years has meant substantial advances to provision
financial system actors with tools for fraud prevention and anti-money laundering. Such services are an industry on their own, with
Financial Institutions contracting a broad ecosystem of technology partners and risk management vendors. The latter take the form of
either standalone tools or ‘black box’ service providers offering analytics platforms interconnected with retail and investment banks,
asset managers, and central banks. In recent years, due to breaches recorded by the Financial Conduct Authority. Many high-street UK
banks have temporarily shut down payment services and accounts linked to cryptocurrency exchange platforms. Central banks and
governmental bodies recognise the limitations of isolated tools when combating systemic risks and are now concerned with the
development of incentives for financial data sharing. The information leakage of data-centric algorithms is unaccounted for by current
evaluations, and usually neglected in the FS industry. Thus, members of select US Senate committees appealed to the Government
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Accountability Office. In response, federal agencies commit to explore collaborative ML approaches beyond conventional data sharing
analyses. Major institutions are found to benefit from improved predictive capabilities using hybrid processes that federate Deep
Learning (DL) architectures in fraud prevention. Complex sequential data streams are prevalent within financial institutions and, as
such, many of the latter DL models are informed or consume data on a token level. On an input sequence of transactions, these models
learn to detect deviations from an individual or account-dependent pattern in the data. Similarly to the time a financial transaction is
logged, account holders are notified via push notification and application interfaces of ... as well as the details disclosed on the account
balance. The former class of data is a cause of insensitivity and curtailment of personal expense patterns, and its consultation to model
design and feature selection risks.

3.1. Neural Networks and Deep Learning Basics

In recent years, deep learning is becoming an increasingly attractive research field with a wide range of applications for data mining
tasks. Deep learning emphasizes representation learning through multiple layers of non-linear transformation and typically refers to
neural networks with many hidden layers, which is rooted in models like artificial neural networks and their broad generalizations. Deep
learning architecture has been widely applied in a variety of fields, showing significant advantages in various domains. Different from
ML and shallow NN, DL can learn features directly from the input data, needing no manual or preset feature extraction. Source data
can be raw or a low level view, greatly reducing human cost. The mining procedure can be more iteratively updated and adjusted due
to flexible network structures. Overall DL can be deemed as an end-to-end data-driven method. However, DL is not suitable for all
problems and domains. Payroll providers manage the generation and distribution of pay for employees in the businesses that cannot
support a full-time payroll employee. The growth of small businesses has led to increased transaction risk, as most transactions are now
made via online payments. The owner of a small business can be the same person responsible for the payroll. If struck by fraud, money
deposited into the business account can be stolen, resulting in empty payrolls and bounced checks. Detecting payroll fraud in the earliest
stages is crucial. Through this thesis, the author explores the impact of implementing DL architecture on emerging small business
services and the potential for early detection of fraud in transactions. Small businesses often rely more on online payment services due
to the speed of service and it is impossible to handle many customers. However, if a business strike is defrauded, it is likely that money
deposited into the account will be immediately withdrawn and payrolls will not be paid on the agreed date. As a result, a manager may
be forced to write checks or otherwise compensate for the deduction. Owners or managers can also be distracted between payroll
activities and business operations, opening opportunities for employees to take advantage.
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Fig 3: Fraud Detection Using Neural Networks
3.2. Convolutional Neural Networks (CNNs)

Fu, Principe, and Lee solved a problem in detecting card fraud by training the architecture of the LeNet-5 convolutional neural network.

To train LeNet-5, transactions in feature form were presented in the form of sliding one-dimensional signals. The results showed the
superiority of LeNet-5 over several algorithms: the Support Vector Machine, the Artificial Neural Network, and the Random Forest. By
thinning the one-dimensional display of the input, the original data are utilized more efficiently and a more stable classification is
initiated. The architecture of LeNet-5 is adjusted to suit the characteristics of financial transaction data, and the algorithm is proposed
for the company’s fraud detection software. It is designed to be used for this task, a model for a series of connected layers such that
each layer of the feature map by means of a sequence of convolutional and a pooling operation. The model is trained to update the
detection system. Heryadi and Warnars have tried to combine CNN with a recurrent LSTM network to detect fraud. For this, a hybrid
architecture of a CNN-LSTM network is developed with the aim of transforming transaction data into financial feature maps. However,
it is shown that the simple CNN architecture is already better equipped to detect fraud compared to the developed CNN-LSTM
architecture. Furthermore, a fraud dataset is analyzed to look at the length of the fraud scheme

Equation 2: Fraud Detection Output (Classification Layer)
(L)}, (£—1) L

Where:
®  Ypred is the predicted probability of fraud,

o L is the number of layers in the model.
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4. Deep Learning Architectures for Fraud Detection

Despite the fact that nearly 9,000 payroll and financial management firms serve nearly 5 million small businesses with reasonable
accuracy, the market is plagued by fraudulent transactions executed by insiders, such as embezzlement schemes that cause substantial
financial losses, render identity protection measures employed for personal transactions inert, tarnish the affected parties’ credit ratings,
and significantly impair the reputation of all stakeholders. An automatic fraud detection system designed to defend the interests of the
legitimate stakeholders of the industry and the general public is absent from research and commercial production. While studies
conducted on the implementation of automated payroll transactions help safeguard data integrity and transactional behavior, there is no
system that monitors and evaluates the appropriateness of human modifications of financial data that contain opportunities for
embezzlement. In this study, we contribute to a deeper understanding of how to design effective deep learning models to detect
potentially fraudulent bank transactions appearing on bank reconciliations, an externally generated report that reconciles differences
between the employer’s general ledger and the payroll service bureau’s detailed books. With this information, payroll or financial
management firms can jumpstart their fraud detection programs and take corrective actions with relevant human resources and the
affected parties.

In this section, deep learning is applied to the study of automated fraud detection for the enterprise data set that is described in the
following sections. The data dictionary is given in a subsequent section, while the classification results of our deep learning algorithms
are described in another section. Actually, deep learning models have been developed with bias-corrected logistic regressions operating
as input gates that generate predicted probabilities that guide external validity tests of internal audit functions staffed by professionals
with different skill sets and resource constraints
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Fig 4: Fraud detection architecture
4.1. Deep Neural Networks (DNNs)

Due to the complexity and importance of the global financial system, safeguarding fraud vulnerabilities within has become top priority
for financial security. Therefore, deep learning architectures for effectively detecting and preventing various types of frauds in payroll
and financial management services is imperative for maintaining smooth and secure small business transactions. Current deep learning
based automated fraud detection research studies conduct text mining or model based solutions with a particular focus on underlying
spatial or statistical properties of the data. This study pushes the frontier of deep learning based fraud detection research in payroll and
financial management services by rigorously investigating the task of safeguarding small businesses against fraudsters via space-time
deep learning frameworks designed based on spatial-temporal properties of transactions, frauds, and businesses.

- This approach is implemented by introducing innovative deep learning architectures that leverage state-of-the-art deep neural
networks, Long-Short Term Memory and time-distributed dense layers, on stream-based structured sequential data over the
transaction/fraud period of businesses. Furthermore, it is possible to design and implement efficient computation network structures
composed of feedforward DNNs.

- In particular, it is proposed a DNN based framework for first generating embedded transaction-features that are time distributed across
transaction streams of businesses to recurrent or convolutional networks for detecting fraud behaviors, based on only a set of features
in a transaction. To verify the robustness and effectiveness of various proposed deep learning architectures, intensive experiments are
conducted on real-world large-scale payroll transactions and small businesses. Empirically, it is justified that the proposed deep learning
architectures can accomplish the effect of fraud detection in an efficient and effective way, and they outperform various types of
extensive fraud detection models from a wide range of baselines using text mining and standard machine learning approaches.

4.2. Long Short-Term Memory Networks (LSTMs)

In the field of electronic finance, due to the growing use of the Internet and smart devices, more financial transactions and behaviors
have been transferred to the network and digitized. Traditional financial fraud detection methods chiefly use the features related to credit
activities of clients, such as returned checks, type of cards, amount of money, etc. However, financial transactional data is generating
intricate and unstructured behavioral data describing humans’ interactions with websites, watching online streaming videos, apps, and
other smart devices or sensors. These behavioral data need to be efficiently pre-processed in order to benefit from a variety of machine
learning approaches. Special attention was conducted on the design of recurrent neural network (RNN) based deep learning network
architectures to efficiently process unstructured sequential behaviors. A deep-learning approach, RNN with different types of network
architectures, was proposed to predict online fraud behaviors based on a customer’s interactions with websites or smart-phone
applications as a sequence of states. This sequence of behaviors are generated by a customer at all time points if a transfer was made.
Behavior number grouping keeps incrementing if it is the same as the previous time points and returns back to <1 if subsequent behaviors
change. Behaviors are represented through behavior numbers and stay in this form until a next transfer happens.
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5. Data Preprocessing and Feature Engineering

As a market for goods, services, and information becomes progressively digital, so too do the transactions that mediate this exchange.
Cash transactions have declined in favor of digital and card-based payment methods. Similarly, in exploratory interviews conducted
with several leading small business transaction processing companies, it was found that a larger proportion of their mid-to-large sized
vendors increasingly choose to take payment via digital platforms. This is a mismatch with enterprise-centered fraud detection strategies
utilized by this vertical. Larger businesses utilize dedicated payroll and financial management services, which are well-integrated with
their IT infrastructure, and use enterprise-centered fraud filter services. Despite these tools, in 2018 the American payroll company
reported that the most common form of fraud was the impersonation of a company officer, typically to transfer payroll out of the
company pocket. There is a market opportunity for small business transaction processing companies to pivot to services that better
protect their vendors.

To harness the value in unstructured and semi-structured data, data preprocessing and feature engineering are vital components of
analysis pipelines for machine learning complex algorithms. Transforming datasets from a raw form with missing data points, outliers,
and noise to a structured form with interpretable features is a fundamental challenge in applied data science. As with all data science
tasks, the quality of data going into the model directly influences the performance and quality of the results. Varied data preprocessing
techniques are therefore applied to prepare the datasets properly for analysis. On small datasets, an algorithm can be fitted and tested
relatively quickly to gauge what data and features should be prioritized; however, for large datasets, a strategy is necessary to navigate
the computational difficulties that manifest from training each model. While exact best practices are still the subject of debate, there are
several guidelines that can be followed to prepare a “clean” dataset which is then ready for the application of an algorithm.

P o

Machine learning (ML)

5.1. Data Cleaning and Transformation

Financial services are a highly vulnerable sector for fraudulent activities. Since businesses usually operate and pay to employees via
banks/financial entities, there is an opportunity to use bank-based financial management services for detecting fraud. Market statistics
show that small businesses suffer from the majority of fraudulent activities. Thus, detecting fraud in financial services would particularly
benefit small businesses. Reviewed is existing literature on fraud detection in banking systems, which has spurred the development of
a novel deep learning architecture for automatically detecting fraud, to be validated using a quarter-million transaction dataset from a
payroll and financial management services company.

The effectiveness of the new architecture is validated using a large-scale, real-world transaction dataset obtained from a payroll and
financial management services company. The dataset contains around 0.25 million transactions of a small enterprise that has been
operating since 2016. The data was collected in a period of 2 years and includes timestamps, recipients, total payment amount, and
exchanged goods/services. The enterprise is located in a Nordic country and makes money transactions via a digital payment platform
supported by a fintech actor.

5.2. Feature Selection and Extraction

Fraud detection is a critically important process for many businesses and financial institutions. Analyzing financial transactions in an
attempt to identify questionable activity is a standard means for determining evidence of fraud. Although automation is increasingly
common in this area, it is usually only adopted by large institutions with access to very large datasets and computational resources.
Therefore, a generalized and scalable method which is useful for smaller businesses is presented and evaluated. It is predicated on the
characteristics of two classes of financial fraud cases: payroll and financial statement fraud. The method uses historical databases of
filed court cases to construct large datasets which can be sliced and diced along multiple dimensions, allowing for the training of various
deep learning architectures.

Ultimately, the learned models are accurate and optimal, achieving an average true positive rate of over 0.85 and an average F1 score
of over 0.63. Deep learning architectures have gained prominence in fraud detection research in recent years. They offer a scalable,
automatic means of learning feature representations, and can be very effective given large datasets. All deep learning applications to
fraud detection tasks this study has a great disparity between the number of interests. Only those large datasets for which solid results
have been achieved are included. The majority of small business owners involved in financial fraud cases are charged under federal
counts of “Theft or Embezzlement Concerning Programs Receiving Federal Funds” or “Mail Fraud”. Case descriptions do not provide
sufficient information to recover detailed financial data, only a general narrative of each crime.
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Equation 3: Loss Function
C T E Z (y'E;}w log(ygr)(-d) + (]‘ - yEi'SlP) ]'Ug(l - y::r)(-'d))

e 1 is the number of transactions in the batch,

. y&)m is the true label for the i-th transaction,

yéﬂd is the predicted probability for the ¢-th transaction.

6. Conclusion and Recommendations

With the particularly advanced technology of artificial intelligence (Al), a specific source known as deep learning from a collection of
Al methods that can recognize patterns automatically from data may become particularly associated, and an increasing research topic,
because of its high productivity examining modern research progress. The acceleration of development is particularly motivated as a
consequence of advanced robotization, digital transformation, and big data development. Firms in various fields are expected to be able
to use deep learning techniques to extract knowledge from perspective and historical data which will then be commonly utilized to serve
as the basis for analytics, productivity improvement, and effectiveness. Particularly small-to-medium-sized businesses (SMBs) and
enterprises appear to be well-known for sharing difficult conditions and always under-optimization. The implementation of deep
learning is generally complex because the development requirements for expertise and specialized systems are significant. Based on the
Customer Unlabelled Sequence, Two Stream Recurrent Neural Network was defined explicitly for payroll transaction unlabelled
sequence anomaly discovery [7]. Thus, the company, consultants, and software developers may effectively generate proposals, software,
and systems based on market requests through the research project and conference. Software developers can easily launch enterprises
in payroll and financial executive services and offer secure payment administration services. For choices and trade strategy, SMEs and
payments experts can obtain valuable information and advice. Small enterprises and potential payments suppliers, as the business
demand for deep learning in transaction fraud detection and corporate advisory transactions is known, can initiate changes in response
to known patterns utilizing existing and readily available storage and enterprise productivity tools to limit financial fraud.

Fig : Financial fraud detection
6.1. Summary of Key Findings

NewRealm, a financial consulting firm, realized the potential in offering clients the benefits of both specialized financial management
advice and Local Blend payroll services. After recruiting seasoned professionals with expertise in financial management services,
NewRealm introduced hundreds of small local business clients to the program that originated as a pilot project. The account managers
visit the businesses periodically, providing support and ensuring high client retention rates thanks to this relationship. In time, this client
partnership led to rapid growth and financial success for NewRealm, which transitioned from a boutique provider to a national firm
serving large organizations. While Local Blend preserved that personal customer service approach, NewRealm took advantage of its
comprehensive consulting capabilities, with automated systems created for their large client base that also monitors for signs of financial
crime. Therefore, Local Blend became a vessel to illicitly transfer funds from the large corporations that NewRealm serviced, targeting
clients in marginal or declining growth industries and geographic leads that were showing economic decline. To mask the fraudulent
activity, transactions are entered as routine expenses, with the amounts varying in small, random increments. To further ensure
anonymity, the funds are then laundered through a number of randomly selected clients who are offered discounted fees for processing
the funds as simple cash transactions. Such services are needed by small businesses that need help implementing different types of
financial or payroll software that are purchased, custom prepared and installed, with later training and a monthly maintenance and
support package. After the pilot program business began to slow, but a suggestion from a disgruntled former employee of the fraudulent
actions of the firm led investigators to monitor the transaction records of Local Blend and NewRealm that were completed between
partners.
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