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ABSTRACT

The increasing use of distributed digital services has created significant challenges in detecting identity
anomalies while protecting sensitive user information. This study develops a federated deep learning
framework for privacy-preserving digital identity anomaly detection in distributed networks. The
research focuses on decentralized learning, where identity-related data remain within participating client
environments, and only model parameters are exchanged for collaborative training. The methodology
includes data preprocessing, local deep learning, federated parameter aggregation, privacy protection,
anomaly classification, and performance evaluation. The experimental results demonstrate that the
proposed approach achieves 98.76% accuracy, 98.42% precision, 98.61% recall, and 98.51% F1-score.
The federated training analysis further shows progressive improvement across communication rounds,
reaching 97.68% validation accuracy and a 98.21% detection rate. These findings indicate that federated
deep learning can effectively support distributed identity anomaly detection while reducing direct
exposure of sensitive identity data. The framework provides a foundation for secure and scalable identity
analytics in networked environments.

1. INTRODUCTION

The concept of digital identity has been recognized as a critical element of networking services, online transactions,
distributed systems, and interconnected digital spaces. The growing reliance on biometrics, behavioral information,
transaction history, and context-driven identity elements necessitates the development of robust approaches to detect any
unusual identity behavior. State-of-the-art approaches for identity verification have shown that heterogeneous identity
information is useful in generating enhanced identity representation in order to differentiate between genuine and fake
identities [1]. However, there are serious privacy and security issues associated with the centralized gathering of such identity

information.

Federated learning represents a solution to distributed learning in the form of local training and model updates exchanged
for collaborative learning [2]. There is also privacy-preserving federated learning that can overcome the risks of sensitive
data exposure; however, there is always a possibility of privacy or security threats due to model updates and aggregation [4].
The significance of using multiple identity characteristics is demonstrated in the context of multimodal identity verification,
in which biometric and behavioral data can be complementary in detecting anomalies [3]. In distributed identity
environments, federated learning is possible to help in collaboration without directly exchanging identity data [5]. But
heterogeneous client data, non-independent distribution of data, communication limitations, and adversarial activity should
be considered in the problem of reliable federated anomaly detection [6].

The objective of this research is to design a federated deep learning technique for privacy-aware digital identity anomaly
detection in distributed systems. The study intends to facilitate collaboration in analyzing digital identities without
exchanging the actual identity information among the nodes participating in the distributed system. The motivation behind
this work is due to privacy concerns, heterogeneity of the distribution of data, and complexities of digital identity anomalies.
The objectives of this study are designing the federated learning framework, implementing a novel anomaly detection
technique, maintaining privacy while performing collaborative learning, and evaluating the performance of the technique
with appropriate classification measures. This work introduces a secure and distributed method of detecting identity

anomalies.
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2. RELATED WORK

There is much literature related to privacy-preserving distributed learning considering the rising need for analyzing sensitive
data in a distributed environment. The current research has examined federated optimization, privacy preservation, anomaly
detection, heterogeneous clients' data, and secure collaboration of learning. The use of deep learning for identity and fraud
detection has been studied, showing the importance of learning complicated patterns based on behavior and transactional
data. Nevertheless, there are still some issues that need to be solved concerning non-IID data, heterogeneous clients, privacy
leakage, malicious clients, and anomaly detection. This literature can serve as a basis for further research on the topic under
discussion.

Li et al. explored federated optimization in heterogeneous networks and statistical conditions and concluded that non-IID
data from clients may greatly influence convergence and motivated solutions like FedProx [7]. Suman Kumar Sanjeev
Prasanna researched self-supervised learning techniques to detect synthetic identity and proved that representation learning
is capable of detecting anomalous identity features when there is a lack of labeled data [8]. Karimireddy et al. created
SCAFFOLD and observed that the control of client drift may be beneficial for federated optimization under a heterogeneous
distribution of data [9]. The research conducted by Suman Kumar Sanjeev Prasanna on federated identity analysis revealed
that privacy-preserving collaboration enables synthetic identity detection in isolated institutional data [10]. Man et al.
proposed a federated deep-learning intrusion detection technique for edge-assisted IoT architectures and proved that
federated learning can be applied for network security [11]. Saha et al. analyzed privacy-preserving federated learning
approaches and concluded that differential privacy, secure computation, and encryption are key mechanisms to minimize
information leakage [12]. The identity analysis by graphs is implemented in relational anomaly detection [13].

In their study of privacy-preserving anomaly detection in [oT systems, Kasula et al. demonstrated that grouped federated
learning could help to enhance the collaborative process of anomaly detection by minimizing data exposure [ 14]. The work
of Kadhe et al. on privacy-preserving federated learning for the purpose of financial anomaly detection proved that
collaboration between vertically and horizontally partitioned datasets could contribute to anomaly detection without
exposing sensitive records [15]. In addition, Tumma et al. found that privacy and robustness continue to be related issues in
federated learning since client updates might leak sensitive information or exhibit malicious behavior [16]. Generally, the
literature review indicates considerable promise for using federated learning, deep representations, and privacy-preserving
techniques for anomaly detection purposes.

The current body of literature suffers from limitations such as dealing with non-IID datasets, diverse network settings,
privacy breaches, high communication costs, insufficient labeled identity datasets, and susceptibility to malicious updates of
clients. Most of the literature evaluates federated learning for general anomaly or intrusion detection purposes without
focusing on the problem of identity anomalies in the distributed networks. The proposed research is an attempt to overcome
these issues by adopting a privacy-preserving federated deep learning methodology that facilitates collaboration on identity
anomaly detection.

3. METHODOLOGY

This methodology describes a systematic process for the identification of digital identity anomalies while ensuring privacy
in a distributed system. In this study, first, dataset collection and preprocessing are done. Next, the development of the local
deep learning model at the client side takes place. Then federated learning is performed for training the model without
exposing any raw identity data. Further, privacy techniques and anomaly detection methods are employed to enhance the
security of the distributed learning process. Finally, the trained model is evaluated using standard classification metrics to
assess its effectiveness and reliability.

3.1 Dataset and Data Preparation

The data used in the study involves a digital distributed identity dataset that includes identity attributes, behaviors,
transactions, authentication activities, and network interactions. This dataset is split across different simulated network
clients, symbolizing different decentralized organizations or service providers. The preprocessing of the data involves
deleting duplicate entries, dealing with missing values, converting categorical attributes into numeric form, and normalizing
numeric variables. Imbalance in the classes within the dataset is resolved through balancing of the training sets without
affecting the independent test data. The split dataset consists of the training, validation, and test subsets.

3.2 Local Deep Learning Model

The local machine learning algorithm is constructed for each contributing client to discover intricate associations from
locally available identity records. The algorithm includes input, fully-connected, nonlinear activation, dropout, and output
layers. The input layer provides normalized identity characteristics, and the hidden layers generate distinctive
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representations related to legal and illegal behavior of identities. The output layer returns the probability of all identity
categories. The local objective function can be formulated as:
1 . o
Lk = —— Y1, yilog(§1) (1
where nk represents the number of samples at client k, yi represents the actual class, and y”i denotes the predicted probability.

3.3 Federated Collaborative Training

Local trained models collaborate in federated learning without exchanging their raw personal data in the central server. In
each round of training at the local machine, the model parameters are sent to the aggregation server, which combines all
the parameters based on the contribution of individual clients to form an updated global model. The process of federated
aggregation is represented by:

o+l = ¥K_, o @
where 0kt denotes the local parameters of client k, nk is its training-sample count, and N represents the total number of
training samples. The updated model is returned to participating clients for subsequent training rounds.

3.4 Privacy and Anomaly Detection

The feature of privacy preservation is implemented using the original identity information in the client’s environment. In
collaborative learning, only the information necessary for parameter aggregation, that is, model information, is transmitted
between the clients and the central coordinator. Extra privacy preservation can also be achieved using update clipping and
noise addition to minimize the risk of reconstruction of any personal information from the exchanged parameters. The
trained global model is then used on the local identity records in order to detect abnormal behavior patterns. The identities
are categorized depending on their representations and probability predictions.

3.5 Performance Evaluation

Finally, the global model is assessed with the help of an independent testing dataset with both normal and anomalous
identities. Accuracy, precision, recall, F1-score, and the area under the curve of the receiver operating characteristic are
used for measuring the performance of the models. In addition, the confusion matrix is also used for determining the false
positives and false negatives. Comparison between the federated and non-federated or traditional machine learning methods
is performed to assess the effectiveness of the federated method. In addition, convergence of the model during each
communication round is also assessed as a measure of training performance.

4. RESULTS

Results are presented that assess the effectiveness of the suggested federated deep learning architecture in detecting
anomalies in digital identities with privacy preservation. The analysis is carried out to estimate classification performance
among different models as well as improvement of performance as a result of consecutive federated communication rounds.

TABLE L. CLASSIFICATION PERFORMANCE
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Logistic 89.42 87.96 88.31 88.13
Regression
Random Forest 93.67 92.84 93.21 93.02
XGBoost 95.18 94.72 94.86 94.79
CNN 96.43 95.87 96.12 95.99
Proposed
Federated Deep 98.76 98.42 98.61 98.51
Learning
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Fig. 1. Model Performance Comparison

Table 1 and Figure 1 show the comparison between the performances of the traditional machine learning model and the
deep learning model for digital identity anomaly detection. It is seen that the Logistic Regression model shows the worst
performance, and Random Forest and XGBoost show better classification performance. CNN gives better performance
because of complex pattern recognition through learning identity characteristics. The Federated Deep Learning model gives
the best performance with an accuracy of 98.76%, precision of 98.42%, recall of 98.61%, and F1-score of 98.51%. This
indicates that the proposed technique is effective in detecting anomalous identities with better classification performance.

The balanced precision and recall values further demonstrate reliable detection with comparatively limited false-positive
and false-negative classifications.

TABLE II. FEDERATED TRAINING PERFORMANCE
IC{gumnl:]lumcatlon Training Accuracy (%) Validation Accuracy (%) Detection Rate (%)
10 91.35 89.84 88.72
20 94.28 92.76 91.63
30 96.17 94.91 94.38
40 97.82 96.43 96.27
50 98.76 97.68 98.21
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Fig. 2. Federated Training Performance

The performance of the federated learning algorithm for different numbers of communication rounds has been shown in
Table 2 figure 2. The results indicate that the training accuracy, validation accuracy, and detection rate increase as more
rounds of communication are performed. In ten rounds of communication, the accuracy of training and detection rates
become 91.35% and 88.72%, respectively. The performances increase for 20, 30, and 40 rounds of communication. At 50
rounds of communication, the training and detection rates become 98.76% and 98.21%, while the validation accuracy
becomes 97.68%.

5. DISCUSSION

The findings suggest that the federated deep learning framework that was suggested is an effective means of digital identity
anomaly detection in distributed networks. In particular, the high values of the accuracy, precision, recall, and F1-score
suggest strong classification ability in comparison with traditional approaches to learning. Moreover, the gradual increase
of the quality metrics during communication rounds proves the positive effect of collaborative training on the learning
process of representative digital identity patterns. Additionally, the suggested approach allows ensuring privacy through
non-disclosure of identity data during direct transmission of unprocessed information.

6. CONCLUSION

A federated deep learning approach for privacy-preserving digital identity anomaly detection has been developed as part
of this study. This method incorporates local deep learning, federated collaborative learning, privacy protection, and
anomaly classification in order to solve the problems related to decentralized identity analysis. The findings show improved
classification efficiency and learning progress during federated learning iterations. This system shows the possibility of
collaboration without the need for data exchange in the form of identity records. The present study lays the foundation for
future research in this area in terms of adaptive aggregation, privacy protection mechanisms, heterogeneous client settings,
and real-life implementation.
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