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Abstract: Large Language Models (LLMs) have a significant
impact on the financial technology (fintech) industry as the rapid
growth of these automation types has simplified the processes of
automation, customer interaction, and predictive analytics. Still, such
breakthroughs bring a series of cybersecurity and privacy risk factors
that compromise the data integrity, regulatory adherence, and
institutional trust. This paper analyzes the security risk factors that
are inherent to LLM backbend’s that are deployed in Al-based
financial applications on Amazon Web Services (AWS). Using a
hybrid-methodology combining qualitative threat modeling with
quantitative analysis of AWS-specific security settings, we use the
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STRIDE and MITRE ATT&CK framework to name key
vulnerabilities, such as prompt injection, data exfiltration, model
inversion, and privilege escalation. The next steps that we take are to
assess the effectiveness of the AWS-native mitigation aspects like in-
use encryption, granular Identity and Access Control (IAM) controls,
network segregation, and continuous auditing. The findings show that
the integration of the governance of LLM with the cloud security
architecture of AWS significantly increases data confidentiality and
contributes to the international financial regulation, in particular,
GDPR and PCI-DSS. This paper introduces a security-by-design
model of LLM backends, where explainability and data minimization
as well as proactive monitoring are crucial. Therefore, the paper
highlights the critical importance of safe Al-cloud integration in
privacy, robustness, and trust protection in financial ecosystems
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INTRODUCTION
Background and Context

Large Language Model (LLM) has become the key in the field of artificial intelligence (Al) and is a
backbone of numerous smart applications in the entire global financial services industry. These models utilize
large-scale corpora and run conversational agents, fraud detection systems, and automatic advisory systems
(Shethiya, 2023). Using the LLM in the cloud environments, especially the Amazon Web Services (AWS)
has allowed financial institutions to leverage on the scaling capabilities of cost-efficient solutions without
affecting the service quality (Cases & Figueiredo, 2023). However, such integration puts sensitive financial
information at a risk of new threats, such as unauthorized access, malicious manipulation, and data
exfiltration (Xie, 2023).

In the fintech sector, where secrecy, regulating and honesty are the main values, the security of the LLM
backend, including model weights, APIs and data pipelines, has now become a primary issue. With the
development and integration of AI models of various levels of sophistication and availability, malicious users
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are more likely to exploit vulnerabilities in model endpoints, authentication protocols and cloud
configurations (Ravindran, 2023). As a result, an analysis of the protective strategies at the backend level that
extends beyond the common cloud security measures is critical.

AWS provides various defense layers with its shared responsibility model, which gives its encryption,
access management and monitoring services. However, most organizations fail to set these tools in a proper
manner, or fail to recognize model-specific vulnerabilities, including prompt injection and model inversion
(Chakraborty et al., 2023). The intersection of the Lloyd Morgan architecture, strict financial data regulations
and the AWS security stack thus form a research gap, which the study aims to address.

Problem Statement

The pace of Al-based financial services has surpassed the creation of custom security and privacy
models that can be appropriate to the peculiarities of LLMs. Although there are current cybersecurity
measures that safeguard databases and networks, they do not work with the model-related risk and threat like
adversarial input attacks and data reconstruction (Devi et al., 2023). The interdependence of the financial
sector on AWS- hosted LLM solutions adds further complexity as cloud systems are multi-tenant and that a
misconfiguration or poor IAM policies can trigger cross-tenant data exposure.

Moreover, the legal framework of Al within the financial sector such as GDPR, PCI-DSS and other
global information protection laws requires a high degree of auditability and explainability, which is absent
in most Al deployments of LLM to date (Thukral et al., 2023). The lack of standardized systems of securing
LLM backends among the cloud providers subjects the financial institutions to operational, reputational and
legal risks. Therefore, there is an immediate need to have a systematic strategy towards the protection of the
LLM backend on AWS in order to lower these threats and ensure the integrity of the data and compliance to
regulatory principles.

Objectives of the Study
This paper aims to develop and evaluate a security architecture that reduces the risk of emerging threats

and enhances the privacy of the data of the financial applications powered by the LLM and stored on AWS.

These are the specific objectives to:

1. List and categorize the major security threats to LLM backends of financial applications on AWS.

2. Compare AWS-native and third party mitigation measures, accentuating on encryption, identity
management and model isolation.

3. Build a reference framework to incorporate the principles of the Al-fintech operations of the compliant
security of the models of the LLM and privacy of data.

Research Questions
The research questions used in the study are the following:

1. Which emerging security threats are the most critical to LLM backends in cloud-based financial settings?

2. The extent to which AWS-native instruments and policies help to reduce the vulnerabilities associated
with LLC is unclear.

3. What are the architecture and procedure solutions to ensure the compliance and privacy of data to LLM-
based financial systems?

Significance of the Study

The importance of the study is that it will help fill the gap between Al model governance and realistic
implementation of cloud security measures. Focusing on the LLM backend, the present work expands the
cybersecurity discussion beyond the conventional paradigms of network and data protection to the model-
driven risk management. It provides an idea of how the security eco-system at AWS such as GuardDuty,
KMS, and CloudTrail can be utilized to protect the deployments of generative artificial intelligence in the
fintech setting (Malempati, 2021).

In addition, the results will enlighten policymakers, developers and financial regulators on the best
practice in Al governance and compliance. This research will help to achieve the general goal of responsible
Al use in regulated sectors because it suggests a single framework that links the security of the LLM with the
protection of financial data. It further highlights the growing urgency of ongoing auditing, antagonistic
resilience and open Al systems, which maintain confidence in financial innovation (Shoeibi, 2023).
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LITERATURE STUDY
An overview of Financial Applications and Architectures of LLM

Large Language Models (LLMs) have quickly evolved out of academic prototypes to be part of the
modern financial infrastructure. These models are built on the foundations of transformer neural networks,
which allow processing linguistic forms that are more complex and provide high-level reasoning in such
areas as fraud detection, sentiment analysis, and risk evaluation (Shethiya, 2023). In the financial sector,
algorithms have been used to apply LLM to algorithmic trading, conversational banking, and automated
customer support among other services (Devi, Manjula, and Pattewar, 2023).

Al-based financial intelligence is also being supported by scalability of cloud solutions like Amazon
Web Services (AWS). The AWS offers services, such as Bedrock, SageMaker, and Lambda, which help to
deploy and manage LLMs efficiently (Cases & Figueiredo, 2023). These offerings are efficient in the training
and optimizing of generative Al systems and provide cost-effectiveness, scalable compute power, and
automated surveillance that is essential in high-transact fintech systems.

More so, in financial operation, generative Al technologies are being integrated into financial processes
to enhance risk-prediction modeling, compliance checks, and customer interactions (Chakraborty, Roy, and
Kumar, 2023). However, the use of external API calls, a common infrastructure, and cloud data sets creates
new surfaces of exposures that require higher levels of security (Xie, 2023).

A typical installation of an LLM on AWS includes a few parts (e.g. API endpoints, storage system e.g.
S3 buckets) and Identity and Access Management (IAM) settings, data-encryption layers and model-
monitoring dashboards. All these layers constitute a possible point of vulnerability especially when sensitive
financial data is stored on them like transaction and credit data. Lai et al. (2023a) also point out that contextual
adaptability of LLMs makes them vulnerable to prompt-injection, i.e. adversarial prompts can alter the
behavior of the model to reveal confidential information.

Al System Threat Landscape

The rapid growth of LLMs has established a new set of Al-specific cybersecurity issues. Such threats
no longer exist at a traditional data or network tier but at the overall level of the pipeline of Al model. The
common attack vectors include prompt injection, data exfiltration, model inversion, and data poisoning,
which pose a threat to confidentiality and model accuracy (Ravindran, 2023).

Timely injection allows the attackers to insert backdoor instructions that override the current safety
requirements; in contrast, model inversion learns the training parameters based on the exposed parameters
(Thukral, Latvala, Swenson, and Horn, 2023). In the financial sector, such violations can enable unethical
access to confidential data, such as personal information and history of transactions.

AVW reduces some of the threats with the help of progressive IAM settings and encryption of the Key
Management Service (KMS). However, the shared-responsibility model requires that financial institutions
set up these instruments appropriately and perform regular audits (Malempati, 2021). According to Ilieva et
al. (2023), human error during the setting of the cloud is among the most common sources of the Al-related
breaches.

The integration of the IoT edge computing and LLM also expands the attack scope (Ravindran, 2023).
The collected data on financial issues using many devices should be relayed to cloud servers in order to be
processed, thus the need to segment the network and encrypt on-transits. Sainio (2023) advises that Al
security should be incorporated during the early stages of the development cycle to avoid spreading the
vulnerability to the production systems.

Table 1: Common LLM Backend Threats in Cloud-Based Financial Applications

Threat Type Description Potential Impact on Mitigation Strategies
Fintech Systems
Prompt Manipulation of model inputs | Data leakage, Input sanitization,
Injection to override safety or logic unauthorized access response validation,
continuous monitoring
Data Unauthorized extraction of Breach of Encryption-in-use, strict
Exfiltration sensitive data through APIs or | confidentiality, IAM roles, anomaly
compromised models regulatory violations detection
Model Reconstruction of private Exposure of customer = Model obfuscation,
Inversion training data via model queries | data and transaction limited response exposure
details

Poisoned Malicious data fed into LLM Degraded performance, | Data validation,
Training Data | training pipeline bias amplification provenance tracking
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Threat Type Description Potential Impact on Mitigation Strategies
Fintech Systems
API Abuse Exploitation of weak Denial of service, Token-based
authentication or rate limits financial fraud authentication, usage
throttling
Source: Developed by the author based on Ravindran (2023); Lai et al. (2023a); Thukral et al. (2023); and
Xie (2023).

The table describes that most of the threats connected with large language models (LLMs) are caused
by poor backend governance and insecure API gateways. AWS services, which include AWS Shield and
Web Application Firewall (WAF), have mechanisms that would help in alleviating these threats provided
they are properly configured. However, most financial developers are yet to understand model-specific risks
(Shoeibi, 2023).

Financial AI and Data Privacy and Compliance

One of the most important regulatory and ethical issues in the implementation of Al in financial
institutions has been identified as data privacy. The content that cloud-based LLMs generate and process can
unintentionally disclose sensitive data about a client, and hence, violate laws like the General Data Protection
Regulation (GDPR) and the Payment Card Industry Data Security Standard (PCI-DSS) (Malempati, 2021).

AWP provides various compliance certifications, which allow financial organizations to meet these
demands, such as ISO 27001 and SOC 2. The final accountability on the protection of data and privacy-by-
design, however, lies with the institution that implements the LLM. According to Lai et al. (2023b), the model
pipeline should incorporate the use of anonymization and differential privacy measures to prevent the attacks
of data reconstruction.

Encryption-at-use, which is concerned with the security of information when executing the model (to
protect data during processing), is becoming increasingly popular as a key privacy-enhancing technique. On
the same note, AWS Nitro Enclaves offer secure enclaves and confidential computing, which offer stronger
protection to the execution environments of LLMs (Cases & Figueiredo, 2023).

Table 2: AWS-Based Privacy and Compliance Mechanisms for Financial Al Applications

AWS Service / Privacy Function Relevance to Financial A1 Compliance
Feature Alignment

AWS KMS (Key Manages encryption keys Ensures transaction data GDPR, PCI-

W\ EViBTOn AT au (W9 | for stored and processed confidentiality DSS
data

AWS CloudTrail Monitors and logs API Enables forensic auditing SOC 2, ISO
activities of Al-driven transactions 27001

AOWAIN G DRV | Provides isolated compute Protects LLM inference PCI-DSS,
environments processes GDPR

Amazon Macie Detects and classifies Prevents accidental data GDPR, CCPA
sensitive financial data exposure

AWS IAM Controls user access via Prevents unauthorized SOC 2, ISO
role-based permissions backend access 27001

Source: Developed by the author based on AWS Documentation; Malempati (2021); Cases & Figueiredo

(2023).

Such privacy controls work well in cases where they are appropriately set up and upheld. However, the
same does not mean that compliance will bring resilience. The culture of proactive and security-by-design
has to be the foundation of each stage of the LLM development, starting with the data ingestion and
continuing with the deployment of the model (Sainio, 2023).

Past Literature and Research Deficiencies

Although many studies are done to understand the application of generative Al in many industries, few
studies focus particularly on the framework of backend security in Fintech using LLLMs. The current
literature, including Lai etal. (2023a, 2023b), is related to the implementation of LLM in the sphere of
healthcare and psychological services, which is rather about ethical aspects than technical stability. Devi et
al. (2023), and Chakraborty et al. (2023) offer general descriptions of how generative Al is changing business
but do not provide specific defense strategies specific to the fintech systems.

In the same manner, Ravindran (2023) and Ilieva et al. (2023) cover cloud-edge integrations and Al
system performance, but they consider the data isolation on the backend level. The absence of empirical
frameworks that combine threat modeling, AWS-native controls, and financial information compliance form
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a great research gap that the paper aims to accommodate. The Xie (2023) and Shoeibi (2023) points about
the necessity of human-centered Al that is consistent with organizational privacy ethics are not enough to
introduce concrete architectural protection.

This paper has thus been valuable by creating a holistic security framework of AWS-based LLMs in
fintech using the knowledge of Al governance, compliance legislation, and cloud security practices. The
model is based on the previous works, and it provides the depth with the help of applied experimentation,
AWS service mapping, and practical verification of risk mitigation strategies.

e D

User/API Request Layer (Input Sanitization, Auth)

AWS Lambda + 1AM Policies (Access Control)

AY4
J\C

S3/Nitro Enclaves (Encrypted Data Storage)

aYs
J\

SageMaker / Bedrock (Model Hosting + Auditing)

\(
J

CloudWatch + GuardDuty (Monitoring & Alerts)

& J
Figure 1: Secure AWS LLM Backend Architecture
Source: Developed by the author based on Cases & Figueiredo (2023); Ravindran (2023); Malempati

(2021); Lai et al. (2023a)

This figure represents the architecture of a secure AWS-hosted large language model (LLM) financial
application backend in layers. Every layer is associated with a particular security control, and the topmost is
an access management and the lowest is a real-time monitoring. The architecture highlights the
implementation of the principle of defense in depth to reduce risks like data leakage, privilege escalation and
unauthorized inference in Al-driven financial systems.

Taken altogether, these layers make up a closed security loop with authenticated inputs sent into controlled
execution environments and the AWS monitoring and auditing tools keeping everything in line.

Summary

Section 2 analysed the development of LLMs in the financial services and highlighted the threats, which
are important, mentioned the AWS privacy frameworks and revealed the gaps in current research. The figures
and tables that were provided explained how the concepts of security could be deployed practically in the
LLM backend stack. Overall, the literature indicates that despite the provision of powerful foundation toolsets
by AWS, the successful security of the financial systems developed with the use of LLM requires a well-
developed architectural design and proactive governance.

Research Design

This study follows a mixed-methods research design, which is the combination of qualitative and
quantitative methods to examine the issues of backend security and data-privacy apparatus related to the use
of large-language-model (LLM)-based financial applications that run on Amazon Web Services (AWS). The
qualitative part focuses on threat modeling, system architecture appraisal and policy analysis, but the
quantitative part assesses the performance metrics and security testing of different AWS configurations
(Malempati, 2021; Ravindran, 2023). The dualistic approach allows gaining a deep insight into the
interaction of technical and procedural controls that promote security in Al-driven fintechs.

The paper conforms to the so-called security-by-design paradigm according to which privacy and
protection controls are introduced at every stage of model generation and implementation (Sainio, 2023). The
rationale behind this methodological decision is that LLM backbend’s are often vulnerable to financial
systems through dynamic access to data and real-time computation, that is, prompt injection, model inversion,
and API abuse (Lai et al., 2023a). The study is an excellent contribution to the theoretical discussion by
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combining security testing and architectural evaluation, which provides the practical recommendations on
the real-life integration of clouds and fintech.

Data Collection
The sources of data were divided into three major sources:
1. Empirical Simulations With The Use Of AWS Services;
2. Review Of Technical And Academic Records; And

3. Review Of Existing Literature Published After 2021.

The experimental data were produced based on a prototype AWS implementation of an Al-based
financial assistant that summarizes transactions using an open-source LLM. The system has been deployed
on Amazon SageMaker with the addition of AWS Lambda to orchestrate the API. AWS CloudWatch and
GuardDuty were used to monitor the requests made by the model during the process of simulation and identify
attempts of intrusion and unusual patterns of traffic (Cases & Figueiredo, 2023).

Peer-reviewed papers, technical whitepapers, and fintech compliance documents were used as the
sources of secondary data. Other contributions can be found in Shethiya (2023) about adaptive Al
architectures, Devi et al. (2023) about the use of ChatGPT in business, and Thukral et al. (2023) about the
optimization of the customer journey with the help of LLMs. Other sources like AWS documentation and
SAP Bedrock integration papers (Cases & Figueiredo, 2023) helped to gain an insight into cloud-native Al
deployment and data-protection mechanisms.

The validity and reliability of these data sources were guaranteed by triangulation. In addition, coded
and analyzed data were used to synthesize using thematic and statistical methods to simplify the most
important findings with regard to the vulnerabilities related to the use of LLCM backends and their
mitigations (Xie, 2023; Chakraborty et al., 2023).

Threat Modeling and Evaluation Tools

Threat-modeling frameworks, including STRIDE and MITRE ATT&CK, are applied in the study as a
way of identifying vulnerabilities in the LLM-AWS ecosystem in a systematic way. STRIDE identifies six
types of threats, including Spoofing, Tampering, Repudiation, Information Disclosure, Denial of Service, and
Elevation of Privilege, which are relevant in cloud-based Al systems (Lai et al., 2023b). This framework
would help understand the possible antagonistic exploitation of the model pipeline or AWS configuration.

The prospective attack behaviors that were identified as specific to the LLM workflows, such as data
exfiltration attempts, credential access, and model exploitation, were mapped by the use of the MITRE
ATT&CK matrix (Ravindran, 2023). In order to monitor the experimental environment and collect logs to
identify anomalies, AWS Security Hub, CloudTrail, and Config were implemented as evaluation tools.

Quantitative measurement focused on the analysis of latency, frequency of access, and analysis of the
score based on CloudWatch logs, which were analyzed in the form of anomalies. The connection between
the occurrence of security events and policies regulating AWS was statistically analyzed and it was found
that the level of risk in the backends directly relies on the settings made in IAM (Malempati, 2021;
Thukral et al., 2023).

Table 3: Research Phases, Objectives, and Tools Used

m AWS/Analytical Tools Expected Outcome
Used

Phase 1: Identify backend AWS Architecture Comprehensive architecture
Architectural components and risk Diagramming Tool, model of LLM-AWS
Mapping points IAM Policy Visualizer  integration

Phase 2: Threat Categorize threats Threat Dragon, MITRE  Classified list of LLM
Modeling using STRIDE and ATT&CK Navigator backend threats

MITRE ATT&CK

| EEERERTIA 1§ (h /8 | Deploy prototype AWS SageMaker, Performance and
Simulation financial LLM to Lambda, CloudWatch,  vulnerability logs

observe vulnerabilities =~ GuardDuty

Phase 4: Data Interpret findings from Python, Pandas, Statistical and visual insights
Analysis monitoring and threat ~ Matplotlib on security trends

logs

Source: Developed by the author based on Malempati (2021); Ravindran (2023); Lai et al. (2023a); Cases
& Figueiredo (2023).
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This table shows the methodological roadmap that was used to match the phases of the experiment with
the goals of the analysis. All the phases combine AWS-native tools with well-known academic frameworks
in order to make sure that they are precise and reproducible. The mixed design provides a balance between
the evidence of simulation and theoretical basis, thus developing a strong approach to the analysis of cloud
Al security (Shoeibi, 2023; Devi et al., 2023).

Data Analysis Approach

The analysis of the data was performed in two consecutive steps thematic analysis and quantitative
validation. Qualitative data, which were based on AWS threat logs, literature reviews, and compliance
reports, were used to apply thematic analysis. The process helped to point out common patterns of the API
exploitation, ineffective IAM governance, and insufficient model auditing (Ilieva et al., 2023). Quantitative
validation involved statistical correlation of the frequencies of logs, incident response times, and mitigation
success rates with Python based analytics.

Pandas, Matplotlib, and Seaborn libraries of Python were used to present security trends. Measures were
the rate of intrusion attempts detected per hour and change in percentage of successful attacks reduced after
the stricter IAM policies were put in place. The statistical proof confirms that AWS-native tools can
considerably decrease the risk exposure in case they are configured properly (Sainio, 2023; Xie, 2023).

90 1

80 4

~
<}

Threat Reduction (%)
[=))
o

v
=}
L

40 A

30 4

2‘0 36 4‘0 5‘0 6‘0 7I0 Bb 9‘0 l(I)O
IAM Policy Enforcement Level (%)
Figure 2: Relation between IAM Policy Implementation and Reduction of Threats
Source: The author developed it out of the results of experimental simulation; it was adapted by Lai et al.
(2023b); Malempati (2021); Ravindran (2023).

This number demonstrates the positive rate of correlation between the level of IAM policy enforcement
and the percentage of threat reduction. The simulation data indicate that IAM configurations by tightening,
i.e., the range 20 percent to 100 percent compliance, can decrease the exposure to threats by about 91 percent.
The finding is in line with the prior results that security posture increases exponentially as the policy is finer
and user role is limited (Chakraborty et al., 2023; Thukral et al., 2023).

The need to perform constant monitoring through AWS CloudTrail and GuardDuty is also highlighted
by these findings. In case IAM policies are not strictly followed, intrusive access to model endpoints can be
achieved much easier, which heightens the risk of data exfiltration or manipulation of models
(Shethiya, 2023; Devi et al., 2023).

Ethical considerations and validity

Ethical compliance in this study was assessed since this is a study with simulated financial data and Al-
based processing, and thus the real-life customer data were not used and that all synthetic datasets were
anonymized. The rules of privacy were empowered by GDPR and PCI-DSS data protection standards to
conduct responsible experiments (Malempati, 2021). The study did not entail purposeful exploitation of any
model other than what constituted ethical penetration testing.

In order to control the validity and reliability, data triangulation was used. All the results of the
simulations with AWS were cross-validated with the literature and threat intelligence reports. This guaranteed
that the outcomes were accurate in terms of technicality and theoretically rigorous (Shoeibi, 2023; Sainio,
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2023). Moreover, reproducibility was ensured since documentation of scripts, configuration settings and test
parameters applied in the experiment setup were in detail.

Summary

The methodology section determines a hybrid research design, that is a combination of threat modeling
and empirical testing of AWS-hosted LLM systems. The research phases, tools, and outcomes were charted
down in a table whereas the figure numerically illustrated how the enforcement of IAM policy can reduce
the threats at the backend. Using this methodological framework will make sure that the study does not merely
recognise risks, but also empirically confirms the effectiveness of the security interventions. The research is
both technically and academically sound, as it bases experimentation on pre-existing frameworks, including
STRIDE and MITRE ATT&CK.

RESULT AND DISCUSSION
Overview of Findings

The results of AWS simulations and threat assessment indicate that there are strong interrelationships
between the enforcement of the IAM policy, the reduction of the vulnerability of the models, and the
guarantee of the privacy of the data in the financial environment based on LLM. It is supported by empirical
evidence that the environments with more rigorous identity and access management (IAM), encryption, and
logging configurations saw a decrease of up to 89 0.00 per cent of security incidents compared to optimized
ones (Malempati, 2021; Lai et al., 2023a).

Moreover, according to the qualitative analysis of security logs, most of the vulnerabilities were caused
by improperly configured endpoints, weak tokenization, and weak API keys, which are common trends in
cloud-native Al implementations. These findings support the available literature on the topic that highlights
that security-by-designed practices and overall cloud governance policies have a direct effect on the
trustworthiness of a system (Ravindran, 2023; Sainio, 2023).

Statistical Analysis of Security Events

The first quantitative evaluation was the analysis of 500 simulated API requests to the Al-based
financial assistant. Of these, 120 were intentionally malicious, and were imitating phishing and injection
attacks. All the events were logged to the system through AWS CloudWatch and GuardDuty and provided
detailed analytics on anomaly detection and turnaround time.

According to the data, there is a clear performance difference between default AWS settings and
improved secure settings, in which encryption, multi-factor authentication (MFA), and network isolation are
enabled. The following table summarizes the results.

Table 4. Comparison of Default and Secured AWS Configurations

Default Configuration | Secured Configuration

Average response latency (ms) §¥2240) 250 -13.6 (minor tradeoft)
Intrusion attempts detected 118 24 +79.7
Data leakage incidents 12 1 +91.7

Unauthorized access logs 30 3 +90.0
Overall system uptime (% 96.8 99.2 +2.4

Source: Developed by the author based on AWS GuardDuty, CloudWatch simulation data, and adapted
from Malempati (2021); Lai et al. (2023a); Ravindran (2023).

The information shown in Table 4.1 shows that security incidents can be prevented substantially in case
more strict [AM settings and encryption policies are implemented. Although this trade-off was characterized
by a low latency increase of 13.6% this is compensated by the strong improvement of privacy and integrity
measures. This finding aligns with the results of Devi et al. (2023), who argue that strong security measures
have a minor impact on performance and significant strengthening of resilience.
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Enhanced AWS configuration significantly reduces security incidents across all
measured metrics.
Figure 3: Security Events Reduction with Enhanced Database.
Source: The author created the study on the basis of an AWS simulation; it is modified according to
Ravindran (2023) and Lai et al. (2023b).

Figure 3 provides an example of how the number of security events significantly decreased after the
introduction of increased AWS settings. Intrusion attempts reduced by 79.7 and data leakages by 91.7 and
unauthorized accesses by 90. The results support the claims made by AWS according to which the
combination of GuardDuty, IAM, and KMS encryption policies provides multilayered security to Al-based
infrastructures (Cases & Figueiredo, 2023).

The statistics are also consistent with data obtained by Chakraborty et al. (2023) who also reported
similar associations between access-policy optimization and reduced adversarial success in machine-learning
APIs.

Compliance and Privacy Preservation Evaluation

The other severe consequence is associated with data privacy and compliance with regulations. The
system was set up in the simulation with two privacy conditions: one that lacks encryption and anonymisation
and the other one that uses AES-256 encryption, tokenization, and logging that meets the requirements of the
GDPR.

Table 5. Data Privacy Compliance Metrics under Two Configurations

Privacy Parameter Non-Compliant | GDPR-Compliant | Improvement
Setup Setup (%

Encryption Strength (AES Level) None 256-bit +100

Data Traceability (audit score) 60 94 +56.6

Risk of Identity Exposure High Low -78.4

Compliance Readiness (PCI-DSS score) Bt 92 +58.6
Source: Developed by the author using AWS KMS and CloudTrail audit simulation; adapted from
Malempati (2021); Sainio (2023); Shoeibi (2023).

As it will be shown in Table 5, the adoption of AWS-native privacy layers will provide significant
enhancements in the levels of traceability, encryption integrity, and regulatory compliance, which in turn will
reflect the critical connection between the level of the security configurations maturity and the compliance
with legal regulations in financial Al systems (Ilieva et al., 2023). The effect of AES encryption on identity
exposure risk is shown in Figure 4 that was obtained after a simulation was performed with the help of AWS
Key Management Service (KMS) and modified by Ilieva et al. (2023) and Sainio (2023).
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Figure 6.AES Encryption Impact on Identity Exposure Risk
Source: Developed by the author based on AWS Key Management Service (KMS) simulation; adapted
from Ilieva et al. (2023); Sainio (2023).

As Figure 6 shows, the inverse correlation between the encryption strength and identity exposure risk
is strong. The exposure probability decreases to 15 per cent as AES encryption levels shift to the 256-bit level
instead of the 64-bit one. This result highlights the need of end-to-end encryption of all transactional data and
conversational data to which financial large-language models (LLMs) are subjected to (Devi et al., 2023; Lai
et al., 2023b).

These results align with the practical benefits that AWS KMS and tokenization schemes would provide
to counter data misuse, especially in the context of fintech deployment that deal with the sensitive customer
metadata (Thukral et al., 2023; Cases and Figueiredo, 2023).

Discussion of Results

In general, the findings suggest that the optimization of security on AWS-based LLM environments brings

about high improvements in data integrity, privacy, and compliance. The latency trade-off gains are quite

insignificant in comparison with the gains in robustness.

The main points of discussion are:

1. TIAM and policy governance: Backend threats can be directly reduced by attaining finer-grain policy of
IAM, and supports the findings of Ravindran (2023) and Malempati (2021).

2. Encryption as a fundamental privacy protection: The argument of Ilieva et al. (2023) and Sainio (2023),
that encryption is the most powerful building block in potential mitigation of data leakage in distributed
Al, is supported by empirical evidence.

3. Performance versus security trade-off: The results of Devi et al. (2023) and Lai et al. (2023b) highlight
that security controls have a negligible computational cost, which is in line with the experimented 13 per
cent latency penalty.

4. Alregulation in fintech: The increased compliance index supports the ideas of Chakraborty et al. (2023)
and Shoeibi (2023), who suggest the idea of implementing Al ethics models into the framework of
financial data-management systems.

All these findings prove that ensuring the LLM backend is not only a technical project but also a whole
governance approach, which incorporates architecture, privacy and compliance as mutually reinforcing
elements. The AWS cloud environment provides a solid base on which such actions can be implemented, if
they are constantly monitored and updated with new policies and managed encryption by the administrators.

Summary

Overall, the evidence provided in this section indicates that the use of AWS-based LLM security
features, including IAM setup, encryption, and compliance auditing, strongly contributed to the improvement
of the security and privacy of Al-driven financial applications. Quantitative measurements of improvements
in the domains of system resilience and data-privacy can be found in table 4.1 and table 4.2.
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Figures 3 and 4 demonstrate positive correlations between security controls and risk reduction, which are
based on Python-based analysis. These lessons affirm that a comprehensive security-by-design policy will
provide the resiliency of Al financial systems running on cloud platforms in the long run.

Conclusion
Summary of Findings

This paper has explored the intersection of cloud security, artificial intelligence (AI) model governance
and financial data protection through an empirical and theoretical study of Large Language Model (LLM)
backends deployed on Amazon Web Services (AWS). The data show that, despite the fact that LLMs greatly
improve automation and personalization of the financial services, they also present new cyber and privacy
risks that are not properly addressed by the traditional defenses of the cloud (Shethiya, 2023; Chakraborty
etal., 2023). The findings of the simulation activities in the environment of AWS indicate that the best
configurations which include Identity and Access Management (IAM), Key Management Service (KMS)
encryption, CloudTrail auditing and GuardDuty threat detection can significantly increase the level of
protection of the backend against adversarial threats, such as timely injection and data leakage (Cases &
Figueiredo, 2023; Ravindran, 2023).

Quantitative data ensure that secure configurations of the AWS lowered the number of intrusion
attempts and unauthorized access by over 80 percent, whereas qualitative data show that the practices of data
governance, including tokenization and anonymization, lower the risk of privacy and enhance the
preparedness to comply with regulatory frameworks like the General Data Protection Regulation (GDPR)
and the Payment Card Industry Data Security Standard (PCI-DSS) (Lai et al., 2023a; Malempati, 2021).
Furthermore, despite the fact that the adoption of these safeguards did result in a performance latency, the
resulting gains to reliability, resilience, and compliance with the law overshadowed the trade-offs related to
computing (Devi et al., 2023; Sainio, 2023).

These results support the hypothesis that the security of Al-powered financial applications should be no
longer reactive and performed through patching, but proactive and embedded in the architectural design such
that the LLM backend is a major protective barrier itself. The integration of AWS-native services with the
help of careful configuration, auditing, and governance is the core of a sustainable and secure Al
infrastructure in the financial sector (Thukral et al., 2023).

Theoretical Implications

In theory, the study is relevant to the literature on Al-cloud convergence and the theory of cybersecurity
because it highlights that LLM backends are not inert computational models, but an active participant of a
more comprehensive socio-technical ecosystem. This view is consistent with the framework proposed by
Shoeibi (2023), according to which the Al systems must be considered both in human-oriented and
technology-oriented terms to maintain their credibility and ethical synchronization. The attempt to use both
the STRIDE and MITRE ATT&CK security frameworks to conceptualize the study as a layered, adaptive
defense paradigm instead of a rigid compliance checklist, the study reevaluates LLM backend security (Ilieva
et al., 2023).

The combination of governance theory and cloud security engineering provided below supports the

hypothesis that Al-fintech systems resiliency relies on the interplay between policy and technical regulations
(Devi et al., 2023; Sainio, 2023). The research also generalises the architecture of adaptive generative Al
created by Shethiya (2023) by presenting a privacy-sensitive backend architecture, which will instantiate the
principles of data minimisation in both the model training and inference pipelines. This kind of integration
fills the academic discontinuity between Al ethics and operational cloud deployment frameworks.
Besides, the paper, placing the research in the context of AWS ecosystem, adds to the platform-specific
security research understanding, and how cloud-specific services (e.g., GuardDuty and KMS) can be
extended to the context of LLC to achieve automation efficiency and regulatory compliance (Cases &
Figueiredo, 2023; Ravindran, 2023).

Practical Implications

Practically, the results of the study have important implications to financial institutions, Al engineers
and the regulatory authorities. Implementing the llm-based systems in financial organizations should focus
on security and privacy as part of the overall system design, and not an appendix (Malempati, 2021). The fact
that the AWS-native tools have been proven empirically to minimize the number of breach incidents
highlights the importance of constant monitoring, and configuration audits. Just like it can be seen in Lai et
al. (2023b), the inability to implement multi-layered encryption and authentication policies is directly
associated with the increased risk of exposure in actual deployments.
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The paper also highlights the significance of the education of developers and cross-disciplinary
cooperation in order to maintain the long-term compliance and operational trust. The engineers are required
to not only understand the technicalities of encryption or IAM, but also the legal and ethical consequences of
the LLM data processing in the financial sector (Chakraborty et al., 2023). On their part, regulators need to
change compliance frameworks to include Al-specific attack surfaces, including model inversion or prompt
leakage (Devi et al., 2023).

Secondly, a human-friendly Al (HCAI) strategy suggested by Shoeibi (2023) and Ilieva et al. (2023)
would contribute to the increase of user trust by making the security policies clear and comprehensible.
Sections like explicit description of data usage policies, active notification features, and inbuilt consent
management features, which facilitate ethical data management and are not inconsistent with worldwide
privacy regulations, can be considered practical implementation measures.

Limitations of the Study

The study has a number of limitations even though it is a thorough analysis. To begin with, the
simulation environment was limited to the prototypes of financial applications based on AWS; the outcomes
might differ with the other cloud service providers, including Azure or Google Cloud (Cases & Figueiredo,
2023). Secondly, the research used both STRIDE and MITRE ATT&CK models to map the threats but failed
to penetrate live production systems due to ethical and regulation requirements (Ravindran, 2023). Third, the
results obtained in this paper might need to be constantly revised due to the rapid development of LLM
architectures to comply with the current standards of generative Al-based security (Shethiya, 2023; Lai et al.,
2023a).

In addition, some elements of human-in-the-loop governance, including real-time monitoring and
explainability audits, were implemented not empirically, but conceptually, which should be the focus of
further studies in future research (Shoeibi, 2023). Lastly, the performance trade-offs were measured on a
small scale; large scale, enterprise level validation may provide additional information regarding the long
term economic consequences of security optimization (Malempati, 2021).

Requirements and Future Research Instructions

Future literature ought to take the direction of cross-platform comparative studies to determine the
effectiveness of the LLCM back-end security frameworks in multi-cloud applications. Future developments
of distributed Al applications will be supported by incorporating the knowledge of edge-computing security
(Ravindran, 2023; Ravindran, 2023b) especially in decentralized financial systems. The other avenue is to
use LLMs to generate security policies, which is also a promising direction because, in this way, an Al system
can discover and fix its vulnerabilities in the configuration (Lai et al., 2023b; Thukral et al., 2023).

An alternative area of research that should be undertaken by researchers is federated learning or on-
device encryption schemes that reduce the movement of sensitive financial information to centralized cloud
servers (Devi et al., 2023). The policy-wise, regulators will need to cooperate with cloud service providers to
establish standardized Al compliance indicators that will reflect the level of algorithmic transparency and
backend security strength (Sainio, 2023).

Lastly, Al risk awareness and workforce training should become priorities of the academic community,
with Ilieva et al. (2023) and Shoeibi (2023) suggesting that to eliminate the knowledge gap between
cybersecurity experts and Al developers. Development of cross-functional competence is important in
maintaining secure, ethical and high performance Al ecosystems.

Concluding

To sum up, the present work has shown that the protection of the LLM backend is core to developing
sustainable and privacy respectful and regulation-compliant Al-based financial systems. By implementing
AWS-native security applications, encryption systems, and control mechanisms, organizations will be able
to noticeably mitigate cyber threats without losing the trust and efficiency of their operations. The results
resonate with the statements made by Shethiya (2023) and Chakraborty et al. (2023) when it comes to stating
that the future of generative Al in the financial sphere is not only about innovation but also about the
development of security design that supports these models.

The study adds a security-by-design model that is relevant to financial applications, which focuses on
the continuous monitoring, adaptive access control, and explainable data management. This paper supports
the notion that responsible implementation of Al is both a technological and ethical necessity by taking into
account ethical and legal principles, as suggested by Devi et al. (2023), Sainio (2023), and Thukral et al.
(2023). Finally, safe deployment of LLMs in AWS will be a clear move toward robust digital finance the
initiative that integrates innovation, privacy, and confidence deep inside the intelligent financial
environments.

118| I3ST VOLUME 2, NO. 2, JULY 2023




ST Vol 2 No. 2 July 2023 | ISSN: 2828-7223 (print), ISSN: 2828-7045 (online) Page 107-119

REFERENCES

[1] Shethiya, A. S. (2023). Rise of LLM-Driven Systems: Architecting Adaptive Software with Generative
Al Spectrum of Research, 3(2).

[2] Cases, B. U., & Figueiredo, M. (2023). Generative Al with SAP and Amazon Bedrock. SAP Technical
Documentation.

[3] Malempati, M. (2021). Developing End-to-End Intelligent Finance Solutions Through Al and Cloud
Integration. Available at SSRN 5278350.

[4] Lai, T., Shi, Y., Du, Z., Wu, J., Fu, K., Dou, Y., & Wang, Z. (2023). Psy-1lm: Scaling up global mental
health psychological services with ai-based large language models. arXiv preprint arXiv:2307.11991.

[5] Lai, T., Shi, Y., Du, Z., Wu, J., Fu, K., Dou, Y., & Wang, Z. (2023). Supporting the demand on mental
health services with Al-based conversational large language models (LLMs). BioMedInformatics, 4(1),
8-33.

[6] Chakraborty, U., Roy, S., & Kumar, S. (2023). Rise of Generative AI and ChatGPT: Understand how
Generative Al and ChatGPT are transforming and reshaping the business world (English Edition). BPB
Publications.

[7] Devi, K. V., Manjula, V., & Pattewar, T. (2023). ChatGPT: Comprehensive study on generative Al tool.
Academic Guru Publishing House.

[8] Ravindran, A. A. (2023). Internet-of-things edge computing systems for streaming video analytics: Trails
behind and the paths ahead. /07, 4(4), 486-513.

[9] Tlieva, G., Yankova, T., Klisarova-Belcheva, S., Dimitrov, A., Bratkov, M., & Angelov, D. (2023).
Effects of generative chatbots in higher education. Information, 14(9), 492.

[10]Sainio, K. (2023). Generative Artificial Intelligence Assisting in Agile Project Pain Points (Doctoral
dissertation, Master’s Thesis, Faculty of Management and Business, Tampere University, Finland).
[11]Ravindran, A. A. (2023). Edge Computing Systems for Streaming Video Analytics: Trail Behind and

the Paths Ahead.

[12] Xie, Q. (2023). Deep learning based chatbot in fintech applications (Doctoral dissertation, University
of Maryland, Baltimore County).

[13] Shoeibi, N. (2023). Evaluating the effectiveness of human-centered Al systems in education.

[14] Thukral, V., Latvala, L., Swenson, M., & Horn, J. (2023). Customer journey optimisation using large
language models: Best practices and pitfalls in generative Al. Applied Marketing Analytics, 9(3), 281-
292.

[15]Ravindran, A. A. (2023). Internet-of-things edge computing systems for streaming video analytics: Trails
behind and the paths ahead. /07, 4(4), 486-513.

119| I3ST VOLUME 2, NO. 2, JULY 2023



