European International Journal of Multidisciplinary Research and Management Studies

(ISSN: 2750-8587)

Received: 01 January 2026 J_Accepted: 18 January 2026 J_Published: 31 January 2026

RESEARCH ARTICLE

Learning Under Uncertainty: Probabilistic and Deep Neural
Architectures for Financial Fraud Detection”

Leonard Hoffman

Department of Computer Science, University of Zurich, Switzerland

VOLUME: Vol.06 Issue 01 2026

PAGE: 88-95

Copyright © 2026 European International
Journal of Multidisciplinary Research and
Management Studies, this is an open-access
article distributed under the terms of the

Creative Commons Attribution-Noncommercial-

Share Alike 4.0 International License. Licensed
under Creative Commons License a Creative

Commons Attribution 4.0 International License.

INTRODUCTION

Abstract

The rapid expansion of digital financial infrastructures has produced unprecedented
volumes of transactional data, accompanied by equally unprecedented risks of fraud,
identity theft, and systemic financial exploitation. Traditional rule based and manually
supervised systems have increasingly proven insufficient for detecting adaptive,
distributed, and temporally evolving fraud patterns that operate across global financial
networks. Within this context, machine learning has emerged as a central pillar of
modern fraud detection, not merely as a tool for pattern recognition but as a
foundational paradigm for real time risk inference, decision support, and institutional
resilience. This study develops an integrative theoretical and methodological
framework for financial fraud detection that combines probabilistic machine learning,
deep neural architectures, distributed learning systems, and privacy preserving
analytics. By synthesizing classical learning theory, contemporary deep learning
research, and large scale data infrastructure models, the article constructs a coherent
scientific architecture capable of operating in complex financial environments
characterized by uncertainty, strategic adversaries, and evolving data distributions.

The conceptual backbone of the present study is grounded in the probabilistic view of
machine learning, which interprets fraud detection as a process of posterior belief
updating under uncertainty rather than as a deterministic classification problem. Within
this paradigm, transactional events are treated as stochastic signals generated by
latent behavioral processes that may correspond to legitimate economic activity or
fraudulent intent. The study further integrates this probabilistic foundation with deep
learning models capable of extracting hierarchical representations from high
dimensional financial data, allowing for the discovery of subtle nonlinear dependencies
across time, geography, merchant networks, and customer behavior. These theoretical
foundations are operationalized through an analytical synthesis of distributed
optimization, online learning, and privacy preserving computation, enabling scalable
and ethically responsible fraud detection in real world financial ecosystems.

KEYWORDS
Financial fraud detection, probabilistic machine learning, deep learning architectures,
transactional analytics, privacy preserving computation, distributed learning, financial
security

The contemporary global financial system has become a institutions, and jurisdictions. From mobile payment systems

complex digital organism, continuously processing vast and online banking to algorithmic trading and cross border

numbers of transactions across heterogeneous platforms, remittance networks, financial interactions are now deeply
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embedded within computational infrastructures that generate
enormous streams of data. While this transformation has
dramatically increased efficiency and accessibility, it has
simultaneously expanded the surface area for fraud, identity
theft, money laundering, and other forms of financial
exploitation. Fraud in modern transaction systems is no longer
a marginal or sporadic event but a structural challenge that
evolves in tandem with technological innovation and economic
globalization. As such, the scientific and institutional response
to fraud must be equally dynamic, adaptive, and analytically
grounded.

Machine learning has emerged as a central response to this
challenge, offering a means to detect complex patterns in high
dimensional data that exceed the capacity of traditional
statistical or rule based systems. Classical fraud detection
systems relied heavily on expert defined heuristics, threshold
rules, and manually curated blacklists. While these methods
were once sufficient for relatively simple financial
environments, they struggle in the face of contemporary fraud
tactics that exploit networked platforms, rapidly changing
identities, and subtle behavioral cues. In contrast, machine
learning systems are capable of learning from data, adapting
to new patterns, and generalizing across diverse contexts,
making them particularly well suited to the detection of

evolving fraud strategies (Murphy, 2012; Kotsiantis, 2007).

At a theoretical level, machine learning reframes fraud
detection as a problem of statistical inference under
uncertainty. Rather than asking whether a transaction violates
a predefined rule, learning based systems estimate the
probability that a transaction is fraudulent given a rich set of
observed features, historical patterns, and contextual signals.
This probabilistic perspective is critical in financial
environments where absolute certainty is rarely attainable and
where the costs of false positives and false negatives must be
carefully balanced. By modeling uncertainty explicitly,
machine learning systems allow financial institutions to make
nuanced decisions about transaction

more approval,

investigation, and customer engagement (Murphy, 2012).

The development of deep learning has further expanded the
capacity of machine learning to process complex financial
data. Deep neural networks, with their multiple layers of
nonlinear transformations, are capable of learning hierarchical
representations that capture subtle dependencies among
transaction attributes, customer behavior, and network

structures (Bengio, 2009; Hinton et al., 2012). These models
have demonstrated remarkable success in fields such as image
recognition, speech processing, and natural language
understanding, and their application to financial fraud
detection has opened new possibilities for identifying patterns
that were previously invisible to human analysts or shallow
models (Schmidhuber, 2015; Krizhevsky, Sutskever, and

Hinton, 2015).

Yet the promise of machine learning in fraud detection cannot
be understood solely in algorithmic terms. Fraud occurs within
socio technical systems that include customers, merchants,
banks, regulators, and criminal networks. Machine learning
models are embedded within organizational processes,
regulatory frameworks, and ethical norms that shape how
data is collected, how decisions are made, and how individuals
are treated. As such, the scientific study of fraud detection
must integrate computational theory with considerations of
data governance, privacy, and institutional trust (Dwork et al.,
2006; Duchi, Jordan, and Wainwright, 2014).

A significant step toward this integrative perspective is found
in the architectural framework for machine learning based
fraud detection developed by Modadugu, Prabhala Venkata,
and Prabhala Venkata, who demonstrated how ensemble
learning, adaptive retraining, and anomaly detection can be
combined to enhance financial security in transactional
systems (Modadugu, Prabhala Venkata, and Prabhala
Venkata, 2025). Their work emphasizes that fraud detection
is not a static classification task but a dynamic process that
must continuously incorporate new data, respond to
adversarial behavior, and balance detection accuracy with
operational efficiency. By integrating multiple models and data
streams, their approach reflects a broader shift toward holistic,

system level thinking in financial machine learning.

Despite these advances, the academic literature on fraud
detection remains fragmented across disciplines such as
computer science, operations

research, finance, and

information systems. Many studies focus on specific
algorithms or datasets without situating their findings within a
coherent theoretical framework. Others emphasize big data
infrastructure or regulatory compliance without fully engaging
with the epistemological foundations of learning under
uncertainty. This fragmentation limits the capacity of both
scholars and practitioners to design fraud detection systems

that are not only accurate but also scalable, interpretable, and
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ethically robust (Jagadish et al., 2014; Chen and Zhang,
2014).

The present study seeks to address this gap by developing a
comprehensive, theory driven account of machine learning
based financial fraud detection. Drawing on a wide range of
literature from probabilistic learning theory, deep learning,
distributed optimization, online learning, and privacy
preserving analytics, it constructs an integrative framework
that connects algorithmic design with institutional and ethical
considerations. The study treats fraud detection as a complex
adaptive system in which data, models, and organizational
processes coevolve, and it argues that effective financial
security requires a holistic understanding of this coevolution
(Dean, 2014; Karacapilidis, Tzagarakis, and Christodoulou,

2013).

Historically, the problem of learning from data has been a
central concern of both statistics and computer science. Early
theories of learning, such as the probably approximately
correct framework, sought to formalize the conditions under
which a learner could generalize from finite samples to unseen
data (Valiant, 1984). These theoretical insights laid the
groundwork for modern supervised learning, which uses
labeled examples of fraudulent and legitimate transactions to
train predictive models. However, in financial contexts, labeled
data is often scarce, delayed, or biased, as fraud is typically
discovered only after significant time has passed. This has
motivated the use of unsupervised and semi supervised
methods, which seek to identify anomalies or clusters of
unusual behavior without relying solely on explicit fraud labels
(Decatur, Goldreich, and Ron, 2000; Chandrasekaran and
Jordan, 2013).

The rise of big data has further transformed the landscape of
fraud detection. Financial institutions now collect data not only
on individual transactions but also on customer demographics,
device fingerprints, merchant histories, and social network
interactions. This explosion of data creates both opportunities
and challenges. On the one hand, richer data allows for more
accurate and nuanced models. On the other hand, it requires
scalable data infrastructure, efficient optimization algorithms,
and robust privacy protections (Demchenko et al., 2013; Hoi
et al., 2012). Distributed learning frameworks and online
algorithms have become essential for processing data streams
in real time, enabling fraud detection systems to respond
rapidly to emerging threats (Shalev Shwartz, Shamir, and

Tromer, 2012; Hido, Tokui, and Oda, 2013).

Within this context, the integration of machine learning
models into financial security architectures represents a
convergence of multiple scientific traditions. Optimization
theory provides the tools to train large scale models efficiently
(Boyd et al., 2011; Sra, Nowozin, and Wright, 2011). Statistical
learning theory provides guarantees about generalization and
robustness (Berthet and Rigollet, 2013; Kleiner et al., 2014).
Deep learning research offers powerful representational
capabilities (Bengio, 2009; Hinton and Salakhutdinov, 2006).
Privacy preserving computation ensures that sensitive
financial data can be analyzed without exposing individuals to
undue risk (Blum, Ligett, and Roth, 2013; Zhang et al., 2014).
The challenge, and the opportunity, lies in synthesizing these
diverse strands

into a coherent, operationally viable

framework for fraud detection.

The problem statement addressed in this article is therefore
both scientific and practical. Scientifically, there is a need for
a unified theoretical framework that explains how probabilistic
and deep learning models can be integrated within distributed,
privacy aware financial systems to detect fraud effectively.
Practically, financial institutions require guidance on how to
design, deploy, and govern such systems in a way that
balances security, efficiency, and trust. By grounding its
analysis in the literature provided and by building upon
established architectural models of fraud detection, this study
aims to contribute a rigorous and comprehensive foundation
for future research and practice.

The remainder of this article develops this foundation through
an in depth methodological synthesis, followed by a detailed
analysis of the implications of integrative machine learning
architectures for fraud detection. Throughout the discussion,
particular attention is paid to the ways in which theoretical
insights from machine learning and data science translate into
concrete institutional capabilities for enhancing financial
security (Modadugu, Prabhala Venkata, and Prabhala Venkata,
2025; Murphy, 2012).

METHODOLOGY

The methodological approach adopted in this study is
grounded in integrative theoretical synthesis rather than
empirical experimentation. This choice reflects the nature of
the research problem, which concerns the conceptual and
architectural foundations of machine learning based financial
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fraud detection rather than the performance of a specific
algorithm on a particular dataset. Fraud detection in real world
financial systems is shaped by a complex interplay of data
availability,
infrastructure, and adversarial behavior. As such, a purely

regulatory constraints, computational
experimental methodology would risk oversimplifying the
phenomenon and obscuring the deeper theoretical dynamics
that govern system performance (Jagadish et al., 2014; Dean,

2014).

The primary methodological strategy employed is structured
literature synthesis, in which diverse strands of research are
systematically analyzed, compared, and integrated into a
coherent conceptual framework. This process draws on
principles from evidence informed decision making, in which
multiple sources of knowledge are weighed and interpreted to
generate robust conclusions about complex systems. By
examining foundational works in machine learning theory,
deep learning, distributed optimization, big data analytics, and
privacy preserving computation, the study constructs a
multidimensional understanding of how fraud detection
systems operate and how they can be improved (Murphy,
2012; Boyd et al., 2011; Dwork et al., 2006).

A key element of the methodology is the use of probabilistic
reasoning as a unifying lens. Probabilistic models provide a
common language for expressing uncertainty, updating
beliefs, and making decisions based on incomplete
information. In the context of fraud detection, this means
interpreting every transaction as a random variable generated
by latent processes that may include both legitimate economic
activity and fraudulent intent. By framing the analysis in
probabilistic terms, the study is able to integrate supervised,
unsupervised, and reinforcement learning within a single
theoretical structure (Sutton and Barto, 1998; Schultz, Dayan,

and Montague, 1997).

The methodological framework also incorporates insights from
optimization and distributed systems. Financial transaction
data is not only large in volume but also high in velocity and
heterogeneity. Models must therefore be trained and updated
using algorithms that can scale across distributed computing
environments while maintaining convergence and stability.
The literature on convex and nonconvex optimization, as well
as on distributed learning, provides the tools for analyzing how
such systems can be designed and evaluated (Sra, Nowozin,
and Wright, 2011; Balcan et al., 2012).

An important methodological consideration is the treatment of
privacy and data protection. Financial data is among the most
sensitive forms of personal information, and its analysis is
subject to strict legal and ethical constraints. The study
therefore integrates privacy preserving machine learning as a
core component of the methodological framework. Differential
privacy and related techniques allow models to learn from
aggregate patterns in data without exposing individual
records, thereby enabling fraud detection systems to operate
within regulatory and ethical boundaries (Dwork et al., 2006;
Duchi, Jordan, and Wainwright, 2014).

The architectural model proposed by Modadugu, Prabhala
Venkata, and Prabhala Venkata serves as a central reference
point for the methodological synthesis (Modadugu, Prabhala
Venkata, and Prabhala Venkata, 2025). Their framework
illustrates how multiple machine learning models, including
supervised classifiers, unsupervised anomaly detectors, and
ensemble methods, can be integrated within a transactional
monitoring system. By analyzing this architecture through the
lenses of probabilistic learning, deep neural representation,
and distributed optimization, the present study extends and
generalizes their approach into a broader theoretical structure.

The methodology further involves critical comparison of
alternative approaches. For example, rule based systems are
contrasted with learning based systems to highlight the
advantages of adaptive modeling. Shallow models such as
logistic regression and decision trees are compared with deep
neural networks to illustrate differences in representational
capacity and generalization. Centralized data processing is
contrasted with distributed and online learning to show how
scalability and latency constraints influence system design
(Kotsiantis, 2007; Hoi et al., 2012).

Limitations of the methodological approach are
acknowledged. Because the study is based on theoretical
synthesis rather than original empirical data, its conclusions
are necessarily contingent on the validity and applicability of
the cited literature. However, the breadth and depth of the
sources included, ranging from foundational theory to applied
system architectures, provide a robust basis for integrative
analysis (Chen and Zhang, 2014; Jagadish et al., 2014).
Moreover, the focus on theoretical coherence and architectural
principles makes the findings relevant across a wide range of
financial contexts, from retail banking to digital payment

platforms.
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RESULTS

The integrative analysis conducted in this study yields a set of

conceptual results that clarify how machine learning
architectures can enhance financial fraud detection across
multiple dimensions. These results are not numerical in nature
but rather concern the relationships among probabilistic
modeling, deep learning, data infrastructure, and institutional
governance. One central result is that fraud detection systems
achieve greater robustness and adaptability when they are
designed as layered learning architectures rather than as
single algorithmic components. This finding aligns with the
architectural principles articulated by Modadugu, Prabhala
Venkata, and Prabhala Venkata, who demonstrated that
ensemble models and adaptive retraining significantly improve
detection performance in transactional systems (Modadugu,

Prabhala Venkata, and Prabhala Venkata, 2025).

A second key result is that probabilistic representations of
transaction data enable more effective decision making under
uncertainty. By modeling the likelihood of fraud as a posterior
probability conditioned on observed features, machine
learning systems can balance the tradeoffs between false
positives and false negatives in a principled manner. This
probabilistic framing allows financial institutions to set risk
thresholds that reflect their tolerance for fraud versus
customer inconvenience, rather than relying on arbitrary rules

or static cutoffs (Murphy, 2012; Valiant, 1984).

The analysis further reveals that deep learning models provide
a significant advantage in capturing complex, nonlinear
relationships in financial data. Transactions are influenced by
a wide array of factors, including customer history, merchant
behavior, geographic location, device characteristics, and
temporal patterns. Deep neural networks can integrate these
heterogeneous features into hierarchical representations that
are more informative than the flat feature vectors used in
traditional models (Bengio, 2009; Hinton et al., 2012). As a
result, deep learning based fraud detection systems are better
able to identify subtle patterns of coordinated or evolving
fraud.

Another important result concerns the role of online and
distributed learning in maintaining system responsiveness.
Fraud patterns can change rapidly as adversaries adapt to
detection mechanisms. Systems that rely on periodic batch
retraining may lag behind these changes, leaving windows of
vulnerability. In contrast, online learning algorithms can

update model parameters incrementally as new data arrives,
allowing the system to track evolving patterns in near real time
(Shalev Shwartz, Shamir, and Tromer, 2012; Hido, Tokui, and
Oda, 2013). Distributed learning further allows these updates
large scale data
infrastructures, making it feasible to process the massive

to be computed efficiently across

transaction volumes generated by modern financial platforms
(Balcan et al., 2012; Dean, 2014).

The integration of privacy preserving techniques emerges as
another crucial result. The analysis shows that differential
privacy and related methods can be incorporated into fraud
detection systems without fundamentally undermining their
predictive power. By adding carefully calibrated noise to data
or model updates, these techniques protect individual
transaction records while preserving aggregate statistical
patterns. This allows financial institutions to leverage rich data
sources for fraud detection while complying with regulatory
and ethical requirements (Dwork et al., 2006; Duchi, Jordan,

and Wainwright, 2014).

Finally, the study finds that the effectiveness of machine
learning based fraud detection depends not only on algorithms
but also on organizational and infrastructural factors. Data
quality, feature engineering, model governance, and human
oversight all play critical roles in determining system
performance. The architectural framework of Modadugu,
Prabhala Venkata, and Prabhala Venkata highlights the
importance of integrating automated detection with human
review and continuous model evaluation, ensuring that the
system remains aligned with both technical and business
objectives (Modadugu, Prabhala Venkata, and Prabhala
Venkata, 2025; Karacapilidis, Tzagarakis, and Christodoulou,

2013).
DISCUSSION

The results of this integrative analysis have far reaching
implications for the theory and practice of financial fraud
detection. At a theoretical level, they reinforce the view that
fraud detection is fundamentally a problem of learning under
uncertainty within a dynamic and adversarial environment.
This perspective aligns with the probabilistic foundations of
machine learning, which emphasize belief updating,
generalization, and risk minimization as core principles of
intelligent decision making (Murphy, 2012; Valiant, 1984). By
situating fraud detection within this broader epistemological

framework, the study highlights the limitations of deterministic
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or rule based approaches and underscores the necessity of
adaptive, data driven models.

The role of deep learning in this context deserves particular
attention. While deep neural networks have demonstrated
remarkable success in many domains, their application to
financial fraud detection raises important questions about
interpretability, stability, and governance. On the one hand,
the ability of deep models to learn complex representations
makes them well suited to capturing the multifaceted nature
of fraud, which often involves subtle correlations across time,
networks, and behavioral signals (Bengio, 2009; Schmidhuber,
2015). On the other hand, their opacity can make it difficult
for institutions to explain or justify individual decisions, which
is a significant concern in regulated financial environments
(Hinton and Salakhutdinov, 2006).

The architectural approach advocated by Modadugu, Prabhala
Venkata, and Prabhala Venkata offers a partial resolution to
this tension by embedding deep learning models within
ensembles and decision support systems that include simpler,
more interpretable components and human oversight
(Modadugu, Prabhala Venkata, and Prabhala Venkata, 2025).
By combining multiple models and sources of evidence, such
systems can achieve high accuracy while maintaining a degree
of transparency and control. This reflects a broader trend in
machine learning toward hybrid architectures that balance
predictive power with interpretability and accountability
(Karacapilidis, Tzagarakis, and Christodoulou, 2013).

Another important dimension of the discussion concerns the
strategic interaction between fraudsters and detection
systems. Fraud is not a static pattern to be discovered but an
adaptive behavior that responds to detection mechanisms. As
models become more effective, adversaries develop new
tactics to evade them, leading to an ongoing arms race. This
dynamic underscores the importance of online learning and
continuous model updating, as well as the use of anomaly
detection to identify novel patterns that fall outside the
distribution of known fraud cases (Decatur, Goldreich, and

Ron, 2000; Chandrasekaran and Jordan, 2013).

From a system design perspective, this means that fraud
detection architectures must be flexible and modular, allowing
new models, features, and data sources to be incorporated as
The big data
emphasizes the importance of scalable, distributed platforms

threats evolve. infrastructure literature

that can ingest, process, and analyze large volumes of

heterogeneous data in real time (Chen and Zhang, 2014;
Demchenko et al.,, 2013). When combined with distributed
machine learning algorithms, such platforms enable
institutions to maintain situational awareness across their
entire transaction network, rather than relying on fragmented

or delayed information (Dean, 2014; Balcan et al., 2012).

Privacy and ethics represent another critical area of
discussion. The use of detailed transaction data for fraud
detection raises legitimate concerns about surveillance,
discrimination, and misuse of personal information.
Differential privacy and related techniques offer a promising
way to mitigate these risks by ensuring that models learn from
aggregate patterns rather than from individual records (Dwork
et al., 2006; Blum, Ligett, and Roth, 2013). However, the
implementation of these techniques requires careful
calibration and governance to balance privacy protection with
detection accuracy. Overly aggressive privacy constraints
could reduce the sensitivity of models to rare but important
fraud patterns, while insufficient protection could undermine

public trust and regulatory compliance (Zhang et al., 2014).

The discussion also highlights the importance of organizational
context. Machine learning models do not operate in a vacuum;
they are embedded within workflows that include customer
service, compliance, and risk management. The effectiveness
of fraud detection depends on how model outputs are
interpreted and acted upon by human decision makers. False
positives can lead to customer frustration and reputational
damage, while false negatives can result in financial losses and
regulatory penalties. As such, model governance, performance
monitoring, and human oversight are essential components of
any robust fraud detection system (Karacapilidis, Tzagarakis,
and Christodoulou, 2013; Modadugu, Prabhala Venkata, and
Prabhala Venkata, 2025).

In terms of future research, the integrative framework
developed here suggests several promising directions. One is
the further development of explainable machine learning
techniques that can provide insights into the reasoning of deep
fraud detection models. Another is the exploration of
in which detection

reinforcement learning approaches,

systems learn optimal intervention strategies through
interaction with their environment, potentially improving the
allocation of investigative resources (Sutton and Barto, 1998;
Mnih et al., 2015). The integration of external data sources,

such as social networks or device telemetry, also offers
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opportunities to enhance detection accuracy, though it raises
additional privacy and governance challenges (Kanagavalli,
Vaishali, and Jeba, 2015).

Overall, the discussion underscores that financial fraud
detection is a multifaceted problem that requires the
integration of machine learning theory, data infrastructure,
and institutional design. By bringing these elements together
within a coherent framework, the present study contributes to
a more comprehensive understanding of how modern financial
systems can protect themselves against evolving threats.

CONCLUSION

This article has developed an extensive theoretical and
methodological framework for understanding and advancing
machine

learning based financial fraud detection. By

synthesizing probabilistic learning theory, deep neural
architectures, distributed optimization, and privacy preserving
analytics, it has shown that effective fraud detection requires
more than isolated algorithms. It requires integrated learning
ecosystems capable of adapting to evolving data, strategic
adversaries, and regulatory constraints. The architectural
insights of Modadugu, Prabhala Venkata, and Prabhala
Venkata provide a concrete foundation for this perspective,
demonstrating how ensemble models and adaptive retraining
can enhance financial security in real world transaction
systems (Modadugu, Prabhala Venkata,

Venkata, 2025).

and Prabhala

The study highlights that the future of fraud detection lies in
the coevolution of algorithmic intelligence and institutional
governance. As financial systems become ever more digital
and interconnected, the ability to learn from data, manage
uncertainty, and preserve trust will be central to economic
stability. Through rigorous theoretical integration and critical
analysis, this work offers a foundation for researchers,
practitioners, and policymakers seeking to design fraud
detection systems that are not only powerful but also
responsible and resilient.

REFERENCES

1. Chen, C. L. P. and Zhang, C. Y. Data
applications, challenges, techniques and technologies: A

intensive

survey on Big Data. Information Sciences.

2. Hinton, G. E. and Salakhutdinov, R. R. Reducing the
dimensionality of data with neural networks. Science.

3. Murphy, K. Machine Learning: A Probabilistic Perspective.

10.

11.

12,

13.

14.

15.

16.

17.

18.

MIT Press.

Jagadish, H. V., Gehrke, J., Labrinidis, A,
Papakonstantinou, Y., Patel, J. M., Ramakrishnan, R. and
Shahabi, C. Big data and its technical challenges.
Communications of the ACM.

Sra, S., Nowozin, S. and Wright, S. Optimization for
Machine Learning. MIT Press.

Decatur, S., Goldreich, O. and Ron, D. The learning
complexity of distribution families. SIAM Journal on
Computing.

Modadugu, J. K., Prabhala Venkata, R. T. and Prabhala
Venkata, K. Enhancing financial security through the
integration of machine learning models for effective fraud
detection in transaction systems. Architectural Image
Studies.

Dwork, C., McSherry, F., Nissim, K. and Smith, A.
Calibrating noise to sensitivity in private data analysis.
Proceedings of the Theory of Cryptography Conference.
Bengio, Y. Learning deep architectures for Al
Foundations and Trends in Machine Learning.

Boyd, S., Parikh, N., Chu, E., Peleato, B. and Eckstein, J.
Distributed optimization and statistical learning via the
alternating direction method of multipliers. Foundations
and Trends in Machine Learning.

Kotsiantis, S. B. Supervised machine learning: a review of
classification techniques. Informatica.

Shalev Shwartz, S., Shamir, O. and Tromer, E. Using more
data to speed up training time. Proceedings of the
Conference on Artificial Intelligence and Statistics.

Hido, S., Tokui, S. and Oda, S. Jubatus: An open source
platform for distributed online machine learning.
Technical Report.

Dean, J. Big Data, Data Mining, and Machine Learning:
Value Creation for Business Leaders and Practitioners.
John Wiley and Sons.

Balcan, M. F., Blum, A., Fine, S. and Mansour, Y.
Distributed
privacy. Proceedings of the Conference on Computational

learning, communication complexity and

Learning Theory.

Berthet, Q. and Rigollet, P. Optimal detection of sparse
principal components. Annals of Statistics.

Kleiner, A., Talwalkar, A., Sarkar, P. and Jordan, M. I. A
scalable bootstrap for massive data. Journal of the Royal
Statistical Society.

Hoi, S., Wang, J., Zhao, P. and Jin, R. Online feature

https://eipublication.com/index.php/eijmrms

94


https://eipublication.com/index.php/eijmrms

European International Journal of Multidisciplinary Research and Management Studies

(ISSN: 2750-8587)

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

selection for mining big data. Proceedings of BigMine.
Karacapilidis, N., Tzagarakis, M. and Christodoulou, S. On
a meaningful exploitation of machine and human
reasoning to tackle data intensive decision making.
Intelligent Decision Technologies.

Chandrasekaran, V. and Jordan, M. I. Computational and
statistical tradeoffs via convex relaxation. Proceedings of
the National Academy of Sciences.

Valiant, L. A theory of the learnable. Communications of
the ACM.

Zhang, Y., Duchi, J., Jordan, M. and Wainwright, M.
Information theoretic bounds for distributed statistical
estimation. Advances in Neural Information Processing
Systems.

Schmidhuber, J. Deep learning in neural networks: An
overview. Neural Networks.

Sutton, R. S. and Barto, A. G. Reinforcement Learning: An
Introduction. MIT Press.

Mnih, V. et al. Human level control through deep
reinforcement learning. Nature.

Kanagavalli, S., Vaishali, S. and Jeba, J. L. Analysis and
mining of social network data for society issues by using
big data. International Journal of Applied Engineering
Research.

Blum, A., Ligett, K. and Roth, A. A learning theory
approach to non interactive database privacy. Journal of
the ACM.

Duchi, J., Jordan, M. I. and Wainwright, M. Privacy aware
learning. Journal of the ACM.

Demchenko, Y., Grosso, P., Laat, D. C. and Membrey, P.
Addressing big data issues in scientific data infrastructure.
Proceedings of the International Conference on
Collaboration Technologies and Systems.

Krizhevsky, A., Sutskever, I. and Hinton, G. ImageNet
classification with deep convolutional neural networks.
Advances in Neural Information Processing Systems.
Hinton, G. et al. Deep neural networks for acoustic
modeling in speech recognition. IEEE Signal Processing
Magazine.

https://eipublication.com/index.php/eijmrms

95


https://eipublication.com/index.php/eijmrms

