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Abstract—Identity and Access Management (IAM)
systems are critical for safeguarding organizational
infrastructure by ensuring that only authorized users
access sensitive information and resources. However,
traditional 1AM protocols often struggle to detect
advanced threats such as identity spoofing, privilege
escalation, and unauthorized access through stolen
credentials. This paper proposes an adaptive trust
authentication protocol that addresses these
challenges by integrating deep learning-based
anomaly detection, user behavior analytics (UBA),
and multi-factor authentication (MFA) into the
access control process. The protocol utilizes
behavioral biometrics and dynamic access control to
continuously monitor user actions in real-time,
detecting deviations from typical usage patterns
indicative of potential threats. A user trust score is
dynamically generated based on real-time behavior
analysis and MFA results, while behavior patterns
are further evaluated using a deep control
convolutional network. By combining the trust score
with behavioral analytics, the system initiates secure
and context-aware authentication of sensitive
financial data. Extensive testing of the proposed
protocol demonstrates its effectiveness in mitigating
internal and  external  cybersecurity  risks,
significantly improving detection accuracy and
reducing false positives. The novelty of this approach
lies in its seamless integration of advanced behavioral
analytics, deep learning, and adaptive authentication
strategies, offering a robust, scalable, and resilient
solution for modern 1AM systems.

Index Terms—Identity and Access Management,
Multi-Factor ~ Authentication, Deep Learning,
Financial Data Security,deep control convolutional
network

I. INTRODUCTION

The rapid evolution of cyber threats poses a significant
challenge to the security and reliability of Identity and
Access Management (IAM) systems, which serve as the
backbone of organizational infrastructure security.
Traditional 1AM protocols, while effective at enforcing
static access control policies, are increasingly inadequate
against sophisticated attack vectors such as identity
spoofing, privilege escalation, and unauthorized access
via stolen credentials. These limitations are particularly
concerning in environments where sensitive data, such as
financial information, is at risk. To address these
challenges, there is a growing need for IAM systems to
adopt adaptive, intelligent, and context-aware security
mechanisms [1].

This work introduces an adaptive trust authentication
protocol that enhances IAM systems by integrating
advanced techniques such as deep learning-based
anomaly detection, user behavior analytics (UBA), and
multi-factor authentication (MFA). The proposed
protocol continuously monitors user actions in real-time,
utilizing behavioral biometrics and dynamic access
control mechanisms to detect deviations from typical
usage patterns that may signal potential threats. A user
trust score is dynamically generated by combining real-
time behavior monitoring with MFA results, and the
behavior patterns are further analyzed using a deep
control convolutional network. This fusion of behavioral
data and trust metrics allows for secure, context-aware
authentication processes, particularly for access to
sensitive financial data[2-6].

Extensive testing of the protocol demonstrates
significant improvements in detecting and mitigating
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both internal and external cybersecurity risks, reducing
the likelihood of false positives while enhancing overall
system security [7,8]. The novel approach of seamlessly
integrating deep learning models, behavioral analytics,
and dynamic authentication strategies establishes a
robust and scalable solution for modern IAM systems.
By addressing the limitations of traditional protocols and
offering resilience against emerging threats, this adaptive
trust authentication protocol represents a significant
advancement in the field of IAM and enterprise network
security[10-15].

The paper begins with an overview of related work,
discussing existing Identity and Access Management
(IAM) systems and their limitations in addressing
modern cybersecurity challenges. The proposed adaptive
trust authentication protocol is then introduced, detailing
its key components, including deep learning-based
anomaly detection, user behavior analytics (UBA),
multi-factor authentication (MFA), and dynamic access
control mechanisms. The process of generating trust
scores and analyzing behavior patterns using deep
convolutional networks is explained, followed by the
implementation details and experimental setup used to
evaluate the protocol's performance. The results and
discussion section highlights the effectiveness of the
proposed system in detecting threats, reducing false
positives, and improving overall security compared to
traditional 1AM approaches. Finally, the paper concludes
by summarizing the contributions and suggesting
potential areas for future research, such as scalability and
privacy enhancements.

Il. RELATED WORKS

The rapid advancement of cloud computing has
introduced a new phase of data management and security
problems, especially within multi-cloud settings. In this
setting, Identity and Access Management (IAM) has
become a crucial emphasis, requiring creative solutions
to tackle the challenges of maintaining identities across
many platforms. A crucial element of this progression is
the incorporation of Artificial Intelligence (Al) into
Identity and Access Management (IAM) systems. The
use of Al methodologies has shown considerable
potential in improving IAM security, operational
efficacy, and adherence to regulatory requirements. A
comprehensive assessment by [15-16] highlights the

shortcomings of conventional 1AM systems in multi-
cloud environments, which often depend on static, rules-
based methodologies that cannot accommodate the
evolving dynamics of wuser behavior and threat
landscapes. The authors contend that the incorporation of
Al into IAM may enable real-time surveillance and
adaptive security protocols, enabling organizations to
react swiftly to new risks. They emphasize various
machine learning methodologies, including supervised
and unsupervised learning algorithms, capable of
analyzing extensive datasets to detect abnormal access
patterns and provide more precise risk evaluations. The
results highlight Al's capacity to shift 1AM from a
reactive to a proactive security framework, hence
improving the overall security stance of organizations
using multi-cloud systems. Separate notable research
examines the impact of Al in enhancing adherence to
regulatory frameworks, specifically concentrating on
GDPR and HIPAA mandates. The authors claim that Al-
driven 1AM systems may automate compliance policy
enforcement by continually monitoring access to
sensitive data and issuing notifications for any
anomalous behavior. They reference case studies in
which Al has effectively detected unauthorized access
attempts and aided compliance assessments, hence
reducing the time and effort needed for human
evaluations. This automation improves security and
reduces the danger of expensive fines linked to non-
compliance. The study demonstrates how Al may
function as an essential instrument in enabling
organizations to fulfil their legal responsibilities while
overseeing  complex  multi-cloud  environments.
Moreover, [10-15] examines the interoperability
concerns presented by multi-cloud settings and the
potential role of Al in mitigating these issues. They
observe that diverse cloud providers often use disparate
IAM methods, resulting in discrepancies in security rules
and heightened administrative burdens. The authors
propose a centralised 1AM system powered by Al that
simplifies difficulties and provides a cohesive method
for identity management across various cloud platforms.
Their research demonstrates that these frameworks may
markedly improve operational efficiency via the
automation of user provisioning, access control, and
policy enforcement. Implementing a unified 1AM
approach enables organisations to reduce the likelihood
of misconfigurations and security vulnerabilities
stemming from fragmented systems. The increasing
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complexity of cyber threats necessitates a reassessment
of IAM techniques. Research by [15] indicates that the
conventional dependence on static passwords and single-
factor authentication methods exposes organizations to
considerable vulnerabilities, such as credential theft and
unauthorized access. Their results substantiate the
premise that Al-augmented IAM systems may use
behavioral biometrics and machine learning techniques
to provide adaptive authentication methods. These
systems may dynamically modify authentication
requirements according to risk levels by analyzing user
behaviors and environmental variables. An irregular
login attempt from an unknown location may initiate
supplementary  verification  procedures, including
multifactor authentication (MFA). This adaptive strategy
not only fortifies security but also improves the user
experience by reducing friction during lawful access
requests. The notion of Zero Trust Architecture (ZTA)
has gained prominence as organizations aim to reduce
risks in multi-cloud systems. A thorough analysis by [09-
15] emphasizes how Al-driven IAM systems conform to
ZTA principles via the continual validation of user
identities and access privileges. The authors contend that
the integration of Al with ZTA vyields a more robust
security framework, adept at resisting advanced assaults.
Their examination of Al algorithms for real-time threat
detection demonstrates the efficacy of this integrated
method in thwarting unauthorized access and data
breaches. The study highlights the need to integrate Al
into ldentity and Access Management strategies as
organizations shift to multi-cloud environments and
embrace Zero Trust frameworks. The research indicates
an increasing agreement on the transformational
capability of Al in improving IAM for multi-cloud
environments. The incorporation of Al-driven solutions
tackles essential issues such as adaptive security,
regulatory compliance, interoperability, and
sophisticated threat detection. As organizations adopt
multi-cloud  strategies, this literature  analysis
underscores the need for novel IAM methodologies that
use Al capabilities to guarantee safe, efficient, and
compliant access control across various cloud
environments.

I1l. PROPOSED WORK

Identity and Access Management (IAM) systems are
essential for safeguarding organizational infrastructure
by ensuring that only authorized users can access
sensitive data and resources. Traditional 1AM systems,
however, are often ineffective at detecting advanced
threats, such as identity spoofing, privilege escalation,
and unauthorized access through stolen credentials. This
paper proposes an adaptive trust authentication protocol
that integrates deep learning-based anomaly detection,
user behavior analytics (UBA), and multi-factor
authentication (MFA) to provide continuous, real-time
monitoring and context-aware authentication. This
approach enhances detection accuracy, reduces false
positives, and provides a more secure and resilient
solution for modern IAM systems.

Compute Anomaly Score
18 Anomaly Score > Threshold?
Trigger mi
Compute A Sucess Probablly
Gandrate Trust Score
15 Trust Score >= Threshold?
Access Denled or Rbstricted

Afcess Granted

Update Mistorical Triat Score

Figure 1 Schematic representation of the suggested
methodology
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Identity and Access Management (IAM) systems are
essential for safeguarding organizational infrastructure
by ensuring that only authorized users can access
sensitive data and resources. Traditional IAM systems,
however, are often ineffective at detecting advanced
threats, such as identity spoofing, privilege escalation,
and unauthorized access through stolen credentials. This
paper proposes an adaptive trust authentication protocol
that integrates deep learning-based anomaly detection,
user behavior analytics (UBA), and multi-factor
authentication (MFA) to provide continuous, real-time
monitoring and context-aware authentication. This
approach enhances detection accuracy, reduces false
positives, and provides a more secure and resilient
solution for modern 1AM systems.

The proposed methodology involves multiple key
components that work together to continuously evaluate
the trustworthiness of users and their actions. These
include:

1. Continuous monitoring and behavioral anomaly
detection.

2. Deep learning-based anomaly detection for
improved accuracy.

3. User trust scoring, incorporating both behavioral
analysis and MFA results.

4. Dynamic access control and context-aware

authentication.

A. Financial Transaction Data

The adaptive trust authentication protocol continuously
monitors real-time user behaviors and financial
transactions. The key inputs include:

e Transaction Amount: The monetary value of
each transaction initiated by the user.

e Transaction Frequency: The number of
transactions performed within a given time.

e Transaction Type:
transaction (e.g.,
payments).

The type of financial
transfers, purchases, bill

e Transaction Location: The geographic location
from which the transaction is initiated (e.g., IP
address or GPS data).

e Payment Method: The method used to complete
the transaction (e.q., credit card,
cryptocurrency).

e Account Balance Fluctuations: Large or sudden
changes in account balance.

Each of these features helps to build a baseline profile of
the user's normal financial activity, which can then be
compared to detect anomalies.

B. Behavioral Analytics with Financial Data

The system constructs a baseline model of normal user
behavior using the financial transaction data. The feature
vector for a user's transaction at time ¢ is:

X; = [a Amount , Frequency
+» PaymentMethod

¢ Type ¢, Location

+» BalanceChange ;]

The anomaly score S,omary (t) measures how much the
user's current behavior deviates from the baseline:

| Xe—Xavg|
Sanomaly (t) thtd £ (1)
Where: - X, is the user's average transaction data,

and — Xy is the standard deviation of the user's

transactions.

For more advanced detection, a deep learning model is
used to capture complex, non-linear relationships in user
behavior. Let the model output be denoted as y;, the
predicted probability that the transaction at time t is
legitimate:

Ve = f(Xt;0) )

Where f(X;;0) is the deep neural network model that
processes the input features X; at time t.

The deep learning model is trained using the following
loss function:

L(O) =-%; (Ytl()g @)+ @A —y)log (1 — yt))
()
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Where y, is the true label (1 for legitimate, O for
anomalous).

The trust score is a combination of behavioral analysis
and multi-factor authentication (MFA). The behavioral
trust score Tpenavior (t) IS inversely related to the anomaly
score:

Tbehavior (t) =1- Sanomaly (t)

(4)

The MFA trust score Typa(t) is based on the success or
failure of the MFA process:

1 1if MFA succeeds

Tura(t) = {and 0 if MFA fails

(5)

The total trust score Ty, (t) is a weighted combination
of these two scores:

Ttotal (t) = aTbehavior (t) + (1 - a)TMFA(t)
(6)

Where a € [0,1] is the weight assigned to behavioral
data.

Once the trust score is calculated, the system makes an
access decision based on the required trust threshold

Required :

Grant Access  if Tipy (£) = Rrequired

if Ttotal (t) < Rrequired

Agin =
decision Deny Access

(7)

If the score is below the threshold, additional

authentication may be requested.

The ** behavioral trust score
inverse of the anomaly score:

-, Toehavior (t), is the

Tbehavior (t) =1- Sanomaly (t)

(8)

The ** MFA trustscore **, Typa(t), IS binary:
(1 if MFA succeeds

Tura® = (a0 ifMFA il

(9)

The total trust score, T (t), is @ weighted combination
of the behavioral and MFA trust scores:

Total (t) = aTbehavior (t) + (1 - a)TMFA(t)
(10)

Where a € [0,1] is a parameter that determines the
relative importance of the behavioral analysis and MFA
results.

C. Dynamic Access Control
The trust score T, (t) is used to make real-time access
control decisions. Let R .qirea represent the required

trust score for accessing a sensitive resource. The access
decision is made as follows:

Grant Access  if Ty (t) = Rrequired

decision { if Tioar (0) < Rrequired

(11)

Deny Access

In case the trust score is below the threshold, additional
authentication steps may be triggered to verify the user's
identity further.

The adaptive trust authentication protocol for financial
transactions  integrates real-time  monitoring  of
transaction patterns, deep learning anomaly detection,
and multi-factor authentication (MFA) to offer dynamic,
context-aware security. By continuously evaluating user
behavior and authentication results, the protocol
minimizes fraud and enhances the integrity of financial
systems.

IV. PERFORMANCE ANALYSIS

The experimental analysis of the suggested methodology
was illustrated in this section. The whole experiment was
carried out under a MATLAB environment.

Metric
(eg.
keystroke

speed,

Accessed Device mouse

Timestamp  Action Location Resource Type movement)

2024-11- Login New York,
25 08:45:00 USA

Financial
Dashboard

Laptop 85

(Normal)

2024-11- Financial

25 08:50:00

Access New York,
Sensitive USA

File

Laptop 82

Report (Normal)

2024-11- Login Lo ¥, Financial Smartphone 78 (Slightly

(@)
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Trust Score
(After

Anomaly

Trust Score
(Before
Anomaly Authentication

Detection)

Anomaly

Detected? Action

Timestamp

Detection)

2024-11-25 95 No 95
08:45:00

Access Granted
2024-11-25 Access Granted
08:50:00
2024-11-25
09:15:00

MFA Challenge
(Due to unusual

location)

(b)

Figure 2 Sample input and output

The sample input and simulated output illustrate how the
proposed adaptive trust authentication protocol
dynamically evaluates user behavior and adjusts security
measures. For instance, when User 1001 logs in from
their usual location, their trust score remains high, and
access is granted. However, when they log in from an
unusual location, the system detects the anomaly, lowers
the trust score, and challenges the user with multi-factor
authentication (MFA), granting access only after
successful verification. Similarly, User 1002 faces access
denial when the system flags their login from a high-risk
location (Singapore), dropping their trust score
significantly. On the other hand, User 1003 exhibits
consistent behavior throughout the day, maintaining a
high trust score and granting uninterrupted access. This
dynamic approach ensures that the system responds to
potential threats in real-time, adjusting trust scores and
authentication requirements based on contextual factors
such as location, device type, and behavioral anomalies,
thereby providing a flexible and secure authentication
process.

User Access Trends (Access Frequency vs Time)

._- _- ._-
= ro o ~ = > o
=) w o w o w o

Access Frequency (Number of Accesses)

I
e
i

0 5 10 15 20 25
Time of Day (Hours)

Figure 3 USR access trend analysis

This graph tracks the frequency of user access over a
24-hour period. The pattern shows fluctuations in access
frequency, with peaks indicating times of high activity.
Such trends can provide insights into when users are
most likely to interact with sensitive data or systems,
enabling the 1AM system to adjust its monitoring and
security measures accordingly. For instance, higher
access frequency during off-hours may trigger enhanced
authentication steps due to the increased risk of
unauthorized access during these times.

Trust Score Over Time (Adaptability)
95}

Trust Score (%)
- [=-] [=-] o
w o w [=]

-
=]

651

6 5 1|0 1|5 26 25 3|O
Time (Days)

Figure 4 Trust score analysis

The trust score over time graph demonstrates how
the trust score for a user can fluctuate over a 30-day
period. The sinusoidal pattern suggests that trust levels
are not static but instead adapt based on user behavior
and system interactions. A drop in the trust score could
indicate unusual activity, such as accessing sensitive
resources from an unrecognized location. The protocol’s
ability to continuously monitor and adjust the trust score
in real time ensures that security is proactive, not
reactive, by preventing the escalation of potential risks.
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System Load vs Security Risk (Workload vs Risk Level)
100

Security Risk (%)

0 2 ) 60 8 100
System Load (%)

Figure 5 Security risk analysis

The graph illustrates the relationship between system
load and security risk. As the system load increases
(e.g., more users accessing the system simultaneously),
the security risk decreases due to the implemented
security mechanisms, which scale to accommodate
increased workloads. However, excessive load may
strain the system's ability to accurately assess risks, and
this inverse relationship suggests that security must be
dynamically adjusted based on system performance. The
ability of the 1AM system to handle high loads while
maintaining security is crucial for organizations with
fluctuating access demands.

100 Detection Accuracy by Threat Type

98

96

Accuracy (%)

94

92

Privilege Escalation Unauthorized Access

Threat Type

Identity Spoofing

Figure 6 Detection accuracy analysis

The bar chart showcasing the detection accuracy by
threat type highlights the effectiveness of the proposed
adaptive trust authentication protocol in identifying
various advanced security threats. The protocol achieved
high accuracy across all tested threats, with the highest
detection rate observed for Unauthorized Access

(99.1%), followed by Identity Spoofing (98.7%), and
Privilege Escalation (97.3%). These results demonstrate
the protocol's robustness in mitigating complex
cybersecurity risks that often bypass traditional I1AM
systems. The accuracy is largely driven by the
integration of deep learning-based anomaly detection
and real-time behavioral analytics, which allow the
system to continuously monitor user behavior and flag
deviations that are indicative of potential threats. The
ability of the protocol to maintain high detection
accuracy, especially in sophisticated attacks like identity
spoofing, indicates its potential to enhance the security
of organizations against both external and internal
threats.

Reduction in False Positives

w

'S

L]

False Positive Rate (%)
w

-

Traditional IAM Proposed Protocol

IAM System Type

Figure 7 False positive rate analysis

The graph comparing false positive rates between
traditional 1AM systems and the proposed protocol
demonstrates a clear advantage for the latter. Traditional
IAM systems, which rely heavily on static rule-based
methods or basic MFA, tend to generate more false
positives, leading to unnecessary authentication
challenges for legitimate users. The proposed system,
which integrates continuous behavioral monitoring and
dynamic trust scoring, drastically reduces false positives
by 71%. The reduction can be attributed to the system’s
ability to evaluate contextual factors—such as time of
access, location, and user activity—along with MFA
results. This results in more accurate decision-making
and allows the system to distinguish between legitimate
behavior and actual threats. For example, if a user’s
activity deviates from their usual behavior, the system
might request additional authentication, but only when
necessary. This makes the user experience less intrusive
while maintaining high security.
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Accuracy vs False Positive Rate (Tradeoff)
98.000

97.995

Yo

5

97.990+

Accuracy (

97.985

97.980

97,975

0.00 0.01 0.02 0.03 0.04 0.05
False Positive Rate Threshold

Figure 8 Accuracy Vs. False positive rate

The accuracy vs false positive rate tradeoff graph
illustrates the inverse relationship between the two
metrics. As the threshold for false positives is lowered,
accuracy slightly decreases, which is a common tradeoff
in security systems. This graph shows the balance that
must be maintained between minimizing user friction
(i.e., reducing false positives) and maintaining high
detection accuracy. In a real-world scenario, an 1AM
system can adjust this balance dynamically based on the
organization’s security needs, ensuring that accuracy is
not compromised while minimizing unnecessary
challenges for legitimate users.

20 Real-time Performance (Latency)

3.5

W
o

M
n

=
n

Latency (seconds)
~
[=]

=
o

s
n

0.0

Traditional IAM Proposed Protocol

IAM Systemn Type

Figure 9 Latency prediction

The real-time performance (latency) graph compares
the time taken by the traditional 1AM systems and the
proposed protocol to process user authentication
requests. Traditional systems often involve static checks,
which may result in higher latency due to the need for
multiple authentication steps or reliance on external
verification methods. In contrast, the proposed protocol
processes request in 2.4 seconds, demonstrating its
ability to function efficiently in real-time scenarios. This

low latency is essential for applications such as financial
services, where rapid decision-making is critical. Despite
the complex underlying algorithms—such as deep
learning-based anomaly detection—the system maintains
fast response times, ensuring that users are not delayed
in their access to systems or data. This makes the
proposed protocol suitable for dynamic environments
where speed and security need to be balanced

seamlessly.
Trust Score Deviation (Before vs After Anomaly Detection)

90 r —e— Before Anomaly Detection
—=— After Anomaly Detection

80

-
I=]

Trust Score

=)
=]

50

1.0 1.5 2.0 2.5 3.0 35 4.0 45 5.0
User ID

Figure 10 Trust ratio analysis

The trust score deviation graph illustrates how the
protocol adapts to suspicious behavior by dynamically
adjusting the user’s trust score. In this analysis, the trust
scores of users before and after an anomaly is detected
show a significant drop once suspicious activity is
flagged. The protocol assigns a high trust score initially,
based on typical user behavior. However, when an
anomaly is detected—such as an unusual login location
or unauthorized access to sensitive data—the system
reduces the trust score, signaling the need for further
authentication or potentially denying access altogether.
This dynamic adjustment is a crucial aspect of the
adaptive trust authentication protocol, as it ensures that
users who exhibit abnormal behavior are subject to
enhanced security measures, while legitimate users
experience minimal disruption. This adaptability offers a
more granular and context-aware approach compared to
traditional static security measures, where once a user is
authenticated, no further checks are made until the next
session.
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Behavioral Pattern Deviation (Accuracy vs Time)
9.0}

97.5¢

o
=~
o

Accuracy (%)

96.51

96.0F

95.5—

Time (Hours)

Figure 11 Deviation accuracy analysis

The behavioral pattern deviation graph tracks how
the accuracy of the protocol’s threat detection evolves
over time as user behavior begins to deviate. Over a 24-
hour period, the graph shows a gradual decline in
detection accuracy due to increasing deviations from
normal behavior, possibly due to external threats such as
credential theft or insider attacks. The initial accuracy of
98% gradually decreases as anomalies accumulate,
which reflects the system’s sensitivity to shifts in user
behavior patterns. However, it is important to note that
the system’s ability to continuously monitor and adapt to
these deviations is a key strength. While the accuracy
drops slightly as more deviations are detected, the
system can still act swiftly to mitigate any potential
threats by reducing trust scores and enforcing adaptive
MFA. This underscores the importance of continuous,
real-time monitoring in modern 1AM systems, where the
ability to track and respond to behavioral changes is
critical for maintaining robust security over time.

Anomaly Detection Impact (Before vs After)

[ == Before Anomaly Detection
—&— After Anomaly Detection

225

20.0

oo e e
s~ w3
o i o

Impact (Risk Level)

~
wn

g w
(5 o

2 4 6 8 10
Time (Access Attempts)

Figure 12 Impact analysis

0 5 10 15 20 25

This graph compares the risk level of access attempts
before and after anomaly detection is applied. The
"before™ curve shows higher risk levels, indicating that
without anomaly detection, the 1AM system may miss
suspicious activities or provide fewer safeguards against
potential threats. The "after" curve shows a marked
reduction in the risk levels, thanks to the application of
real-time anomaly detection. The impact is significant,
demonstrating how anomaly detection can lower the
likelihood of undetected security breaches by flagging
suspicious behaviors immediately.

Security Level Comparison: Traditional IAM vs Proposed Method

—+— Traditional 1AM
—&— Proposed Method

Security Level (%)
o - (=] o
(=] f=1 o (=]

wu
=]

S
=]

30

Medium Risk High Risk Very High Risk

Risk Scenario

Low Risk

Figure 13 Comparative security level analysis

The graph above compares the security levels of
traditional 1AM systems versus the proposed adaptive
trust authentication method across different risk
scenarios. As the risk level increases from Low Risk to
Very High Risk, the security level for traditional IAM
systems drops significantly, with a sharp decline as the
risk escalates. In contrast, the proposed method
maintains higher security levels even under high-risk
conditions, thanks to its dynamic behavior analysis,
anomaly detection, and adaptive trust scoring. The
results clearly demonstrate the improved security
effectiveness of the proposed method, which provides
more robust protection against sophisticated threats like
identity spoofing, privilege escalation, and unauthorized
access, offering a more resilient solution compared to
traditional IAM systems.
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V. CONCLUSION

This study demonstrates the significant advancements
achieved through the proposed adaptive trust
authentication protocol in modernizing Identity and
Access Management (IAM) systems. By integrating deep
learning-based anomaly detection, wuser behavior
analytics  (UBA), and dynamic  multi-factor
authentication (MFA), the protocol addresses key
limitations of traditional 1AM systems, such as
vulnerability to identity spoofing, privilege escalation,
and stolen credentials.

The system’s ability to dynamically monitor and adjust
trust scores in real-time, based on contextual and
behavioral factors, ensures a context-aware, proactive
security framework that minimizes risks while
maintaining a seamless user experience. Testing results
highlighted its superior detection accuracy, significantly
reduced false positives, and adaptability across varying
risk scenarios and user environments. The enhanced
security levels under high-risk conditions further
underscore its robustness and scalability, making it a
viable solution for critical applications like financial
services and large-scale enterprise systems.

This work establishes the foundation for more intelligent
and adaptive 1AM protocols that are better equipped to
handle the complexities of modern cybersecurity threats,
providing organizations with a resilient, scalable, and
user-centric  approach to safeguarding sensitive
resources. Future research can focus on refining the deep
learning models and addressing privacy considerations to
further enhance the protocol’s efficiency and compliance
in real-world applications.
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