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Abstract: Traditional static access control of cloud identity platforms lacks the real-time behavior risk thereby placing
organizations at risk of security breaches. To address this, an Al-based risk-scoring system has been developed that continuously
evaluates user behavior, device health, and external threat intelligence to derive dynamically changing risk scores every session.
These scores are uploaded to Okta as session tags and alter access controls on both the AWS IAM and Lake Formation. The system
renders the access permissions dynamic, which change before the real-time context. High-risk sessions trigger additional security
settings, such as Multi-Factor Authentication (MFA) or even the disruption of a session, based on identification of abnormal
behavior or broken state of devices. The system becomes continuous risk evaluation with AWG Guard Duty as a threat intelligence
feature and Cloud Trail logs as a user activity feature. Decision-making process can also be subdivided by using custom machine
learning models, which detect minor patterns and irregularities of user behavior. This dynamical risk analysis applies the value of
continuously confirming Zero Trust, where sensitive data and resources access are redefined based on the current security status.
The methodology shows how Al-friendly IAM systems can mitigate the risk and provide a more resilient and context-sensitive
access control in clouds.

Keywords: Al-driven IAM, risk scoring, adaptive access control, Zero Trust, machine learning, cloud security.

1. INTRODUCTION

A major aspect in cloud-set up is Identity and Access Management (IAC) which is necessary to ensure that only
authorized users can access the resources and also prevent unauthorized users against unauthorized access of systems.
Cloud-based solutions such as AWS IAM, Okta and Azure Active Directory IAM solutions provide businesses with
the capability to handle user identities, perform user identities authentication, and even control access to cloud-based
resources. Such systems would be used to target the modern, scalable, and secure cloud systems, as well as provide
an easy access to the applications, databases, and services of the numerous platforms. Role-based Access Control or
RBAC is used in cloud-based IAM systems to identify unique access and authority of roles to users. As an example,
the administrators provide certain permissions to the users of the AWS settings in the form of roles which the users
are assigned in AWS IAM. These roles make certain that users receive access that will only be enough to handle their
job functions and at that, it will be in reference to the principle of least privilege. Nevertheless, even after cloud IAM
has developed, certain drawbacks still persist in the traditional systems. It has been studied that 80 percent of the
security breaches use credentials, and 40 percent are insider-based. These statistics highlight the weakness of the static
IAM models, which rely on the predefined roles and permissions. Such systems do not consider real-time changes in
user behavior, thus can be readily attacked with the user credentials being breached or a trusted insider changing his
behaviour in an unforeseen manner.
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Another critical problem with conventional IAM systems is that they operate on a fixed set of access policies
that stipulate user access depending on the fixed roles or access permissions. These policies fail to keep pace with
real-time developments of users and leaves loopholes that can be taken advantage of by malicious participants. In case
the access rights of a user are excessive, violated credentials can be utilized to achieve unauthorized access. Likewise,
the IAM system cannot be able to identify an aberrant behavior in a trusted user like access to data that is not within
his jurisdiction, and the system will still allow him to gain access. The shortcomings of traditional IAM systems have
necessitated the start of dynamic and risk-adaptive IAM systems, in which permissions are dynamically reconfigured
on an ongoing basis within the current context and evaluation of risks. The old IAM methods with roles and
permissions being manually assigned and rarely changed cannot serve the modern cloud environment requirements.
Dynamic access control where the authorization may change depending upon the current behavior of a user, devices
and conditions in the environment have become essential. This development is a transition to less fixed, more flexible,
adaptive paradigms that take factors like user behavior, device security and geolocation into account when making the
decision.

A 2023 survey found that 70 percent of organizations listed IAM as one of their priority security issues, which
demonstrates the necessity to have agile, real-time IAM systems. Risk-based [AM is the focus of the Al-driven systems
to cope with these challenges. Using Al, these systems may constantly determine the threat of users to their systems
and dynamically modify access control according to dynamically changing behavioral data and situational data. Such
adaptive access control will make sure that the compromised authority or insider threats are managed quickly. As an
illustration, when a user logs but it is not his or her usual place of location, or when he has accessed unusually high
amount of data, risk flags may be triggered in the system and the user may be subjected to multi-factor authentication
(MFA) or even termination of the session, in case of emergencies. Machine learning algorithms can be used in Al-
enhanced IAM systems to learn past user behavior, identify anomalies, and raise and lower access control to enhance
overall security without interrupting user experience. When integrated into a dynamic, risk-adaptive IAM, the due
transition between the fixed roles to the movable ones enables companies to implement fine-grained context-based
access control. This would help reduce the effects of fraud involving fake credentials and insider threats, which gives
a more robust, flexible, and secure model in cloud conditions.

This paper addresses the development and use of Al-based risk points and adaptive access control in cloud
identity management systems. Section 2 provides a review of current literature on major frameworks and
methodologies, including Zero Trust Architecture (ZTA), Attribute-Based Access Control (ABAC), and the
application of Al and machine learning to IAM systems. Section 3 contains the process of implementing the systems
being described, such as the architecture, risk scoring models, and AI/ML models. Section 4 goes further to explore
the data sources and scoring logic behind real time risk assessment. Section 5 notes the practical use of the Okta pre-
authentication hooks and session tag injection as part of the adaptive access control. Section 6 addresses the
implementation of dynamic policies of IAM with risk scores. The actual responses including MFA escalation and
session revocation that provide additional security are discussed in section 7. Last but not the least, Section 8 proves
the performance of the system in the sense of its ability to decrease false positives and enhance the accuracy in the
detection of anomalies resulting in enhanced security overall.

2. LITERATURE REVIEW
2.1 Zero Trust Architecture (ZTA)

Zero Trust Architecture (ZTA) has become a bone of the present-day cybersecurity especially in cloud
environments where a traditional perimeter based protection cannot offer a sufficient level of security [ 1]. This change
is supported by recent Al-based studies that have demonstrated how machine learning is used to facilitate continuous
validation processes that are central to zero trust settings in the modern context [2]. It is the NIST SP 800-207
framework that allowed popularizing the idea of the Zero Trust model when the concept of implicit trust to any party
(internal or external) was introduced. Authentication, authorization on all access attempts, and ongoing verification
should be based on contextual information in which to access any resource, and this notion is enhanced by predictive
risk modeling methods, which endorse dynamism in access decisions amid a complex data ecosystem [3]. This model
contrasts with the old security models where internal users and devices were deemed to be trustworthy and in the
process, the model created a big hole that could be used by an insider threat or malicious devices when they had
managed to bypass the perimeter. The CISA Zero Trust Maturity Model (ZTMM) built an extension of these and
offered an organized roadmap of companies aiming to adopt Zero Trust through five broad pillars, namely Identity,
Devices, Networks or Environment, Applications and Workloads, and Data. The combination of these pillars helps
organizations change their approach to purely static and perimeter-focused security to one centered on identities and
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being contextual. Such systems make access decisions based not on the point of origin of the request, but instead on
the trustworthiness and actions of the requesting entity [4]. The fundamental ideas of Zero Trust include abolishing
implicit trust, performing a cycle of verification and applying adaptive access. This perfect notion of causing no
inherent trust prevents the circumstance of all requests being considered without any distinction of the source. Trust
can be continuously verified based on observing the user behavior and the position of the device during the entire
session in real time. Adaptive access will identify context like user location, device health and environmental risks
and apply them over permissions dynamically.

The incorporation of the Artificial Intelligence (AI) and Machine Learning (ML) into the Identity and Access
Management (IAM) systems has become a strong tool in Zero Trust applications. Al based IAM systems will be able
to process large amounts of behavioral telemetry, security telemetry to identify anomalies, assess trust level, and
manage access permissions automatically. As an illustration, the system can recognize the user that tries to open
resources of unusual locations or carries out actions that are not typical of such a user. These deviations could cause
subsequent authentication processes such as multi-factor authentication (MFA) or can even end the session. It has
been shown that Al-powered IAM systems cut down false positives by about 70 percent and have improved key breach
detection rate of about 25 percent, provides more effective, responsive and efficient Zero Trust implementation
mechanisms.

Figure 1 illustrates the core components of the Zero Trust Security Model, which includes Identities, Devices,
Applications, Infrastructure, Data, and Network. These pillars collectively support the adaptive, identity-centric
security approach of Zero Trust architecture.
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Figure 1: zero-trust-security-

2.2 Attribute-Based Access Control (ABAC).

Attribute-Based Access Control (ABAC) has gotten to be a convenient and scalable substitute of Role-Based
Access Control (RBAC) especially in settings that demand networked and coordinated interaction among more than
two agencies or organizations. There is no dependence on predefined user roles to ascertain access permission like in
RBACG,; instead, ABAC is based on attributes, i.e. clearance levels, organizational affiliation, user identity properties
and any environmental conditions to make fine-grained access decisions. Recent advances in real-time evaluation and
decision-making systems further support ABAC’s adaptability, as contemporary LLM-based architectures
demonstrate improved capacity for dynamic policy assessment and continuous verification in production
environments [5]. Among the most notable benefits of ABAC is that it overcomes the issue of role explosion that is
common in large or dynamic organizations having RBAC. With the increased number of institutions, positions
increase and it becomes difficult to observe a trusted and stable role structure. New process, new project, or new unit
might demand creating new positions and can further complicate the system, and can also be hastily set up. ABAC
can avoid this problem relying on attributes rather than roles. A policy may cover a variety of instances, e.g. access to
financial information must be only provided to a user who has a clearance in some field of finance and who is currently
working on a certain project. This eliminates the necessity to develop various roles in each combination of
requirements.

The attribute-based capability of ABAC can be useful especially in the cloud-based ecosystem where the
attributing users are often in the interaction of the common resources across the resorting organizations and
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departments [6]. Discussions ABAC allows organizations to implement access policies that are highly specific and
flexible in nature by measuring attributes and environmental conditions on a real-time basis. A user with one set of
clearance and the other one with different levels may have varying access privileges to the same project based on their
levels of responsibility and organization. This flexibility will greatly decrease administrative costs and guarantees a
higher level of consistency and accuracy in access control decisions, particularly those with multiple agencies or high
workforce.

2.3 IAM Systems Al and Machine Learning.

Al and ML have significantly re-designed IAM systems to ensure more dynamic, intelligent and context-driven
access control options. The traditional IAM solutions are founded on the application of preexisting position or set set
of rules that cannot keep pace with threats that are rapidly changing. On the other side, Al-driven IAM has been
continuously monitoring the activities of the users, the security condition of the devices, the network traffic, and so
on, and making judgment about the threats and abnormalities. Real-time data processing capabilities are thus important
in the effectiveness of these systems as current and high-performance data architectures allow IAM models to process
streams of contextual information flowing continuously without affecting accuracy or latency [7]. Scalable processing
of this data enhances mechanisms of identifying anomalies and contributes to adaptive access decisions, which
conform to the demands of Zero Trust [8]. The creation of sophisticated risk-scoring schemes must be cited among
the most important factors related to IAM provided by Al. Such systems also assign risk scores to a certain access
request based on the factors such as a previous behavior, compliance with the device, and external threat intelligence.
The IAM policies can be modified dynamically to offer access control with regards to the risk levels. This may also
be supported through anomaly detection models which indicate abnormal behavior such as logins, abnormal access to
large sensitive datasets. In case of such anomalies, the system may engage in protective measures such as to issue
MFA, deny access or label the activity suspicious and subject to review.

The context-aware access is the other prevalent Al-based characteristic in which an IAM system can consider
the prevailing environmental factors to determine access requests. Through these smart designs, Al-based IAM
systems will increase the security of organizations and in the process, will fulfill the user experience. Using the desired
patterns of behavior, access can be granted to the persons who are supposed to receive it far easier than otherwise and
unlike unwanted friction resulting therein efficiency can be attained without compromising on security.

2.4 Zero Trust Ongoing Monitoring and Feedback Loops.

The main feature of Zero Trust is constant supervision that is very important to the safety of the user session
until the end [9]. Unlike the model of a traditional IAM that only authenticates a user when they log in and does not
verify them afterward, Zero Trust is a system that involves continuous evaluation. It is particularly important when
dealing with cloud-based or distributed systems, where the behavior of users and the conditions of threats can shift in
the short term. The ongoing verification has also been endorsed by the current developments in data-oriented
computing. Peer benchmarking at the moment provides greater responsiveness in dynamic settings, and scalable data-
driven engineering is flexible to a high-rate of workload changes, both of which are aligned to the idea of the Zero
Trust principle of continuous assessment [10;11]. All in all, these changes prove the dependence of Zero Trust on
ongoing evaluation and flexible and data-driven approaches The Al-based IAM also offers the mechanism of a
feedback form, which improves the implementation of the Zero Trust. The mechanisms of continuous reevaluation
monitor activity of the user and state of the environment so that it adequately ensures that the access is right at the
moment when the session takes place. Those decisions to change policies are made dynamically in response to the
notification of any anomaly detector, based on the postures of the device, and threat intelligence feeds. Anomalies
The system will default to dynamically implement some precautionary measures in case of anomalies such as initiating
an MFA challenge or canceling the session entirely.

This is the real-time and feedback-based strategy that allows identifying the risk by IAM systems at the time
when such a threat is likely to be damaged. Zero Trust architectures persistently offer high assurance throughout the
existence of an access session due to a combination of continuous observation with adaptive controls enabled by Al.
This is so dynamic a process that the trust value will never remain constant and the access decision will be under unity
with the current risk requirements.
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3. METHODOLOGY

3.1 Architecture Overview

The IDAM architecture is built in such a way to issue dynamic access control by real-time risk evaluation. It
combines numerous cloud technologies, such as Okta, AWS IAM, Lake Formation, to make sure that access decisions
are founded not only on fixed roles and healthy roles, but on risk-based assessments computed instantly on the basis
of user behavior, device telemetry, and threat intelligence.

Okta will be used as the identity provider in this architecture and will authenticate users while managing identity
information [12]. Okta plays the role of verifying user identities at login and maintaining the federation of identity
administration across various cloud-based applications. It works in harmony with AWS IAM and Lake Formation so
that user data is always analyzed concerning risks before authorization is completed. Okta is also critical in injecting
risk tags into user sessions, which are transferred to other systems to be further analyzed and acted upon [13;14]. The
task of AWS IAM consists in controlling the access to AWS services and resources, defining who has access to which
resources and resources. In this psychological nature of Al architecture, however, AWS IAM is supplemented with
dynamic access control that would change depending on real-time risk assessment. The system has risk scoring which
is continuously used to assess access requests based on user’s behavior, health of the device and environmental factors.

Lake Formation operates data lakes in the AWS environment and makes sure that the access to sensitive data
is highly regulated. It also connects with the AWS IAM and okta to implement fine-grained policy access which is
guided by real-time risk scores and contextual details on users. Lake Formation is beneficial in making sure that entry
to sensitive information is defined not only through fixed roles but also through dynamic security regulations on a
basis of dynamic evaluations. The framework integrates AWS Guard Duty and Cloud Trail logs to support the
continuous process of risk assessment. Guard Duty detects potential threats in real-time, including rogue activity and
compromised credentials, and Cloud Trail captures user activity that can be used during abnormal activity detection.
The combination of these tools will provide a comprehensive view on the state of security and enable the system to
apply access control policies to the conditions dynamically. The architecture exploits dynamic risk scoring model
which involves considering a number of variables to analyze access requests. It is a user-based model and uses user
behavior (e.g., the time user logs on, geolocation) and device telemetry (example: device health, OS version) to
provide a measure of a risk. When the risk rating exceeds a predetermined threshold, the system switches on adaptive
access policies, such as Multi-Factor Authentication (MFA), or even loss of session to prevent unauthorized access to
confidential resources.

Figure 2 illustrates the Identity Management Life Cycle, outlining key stages including Provisioning,
Authentication, Authorization, Self-Service, Password Management, and Compliance. These stages are essential in
managing user identities throughout their lifecycle, ensuring secure and efficient access control.

Provisioning
Relationship Begins

Authentication

Authorisation

Identity
Management
Life Cycle

Self-Service

Password
Management

Relationship Ends Compliance

Deprovisioning
Figure 2: Architecture of Identity Access Management in Cloud Computing

3.2 Risk Scoring Model

The risk scoring model is the heart of the Al-driven IAM system, which continuously assesses the likelihood
of the access granting based on data sources of multiple keys. These include user behavior, device telemetry, and
external threats intelligence. The user behavior is a relevant component of the model as a system may analyze the
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patterns of access time, location, and device type to classify an access request as a normal or abnormal one. As an
example, in the situation where the user usually uses the same geographic location to log-in, and suddenly tries to log-
in in a different country, the score of the risk could be higher citing the change in geolocation. The system constantly
maintains a reference point of expected good behavior, which serves to monitor deviations from anticipated trends. In
a 2023 study, 45 percent of high-risk security incidents involved unusual login behavior, and tracking these activities
was considered an integral component of a qualified approach to IAM [15;16]. Another important aspect in the
assessment of risk is device telemetry. The information as device fingerprinting, OS version, and health of the device
helps in making decisions by the model. An outdated device or one that displays instances of compromise heightens
the general exposure to a request of access. As an example, when a user tries to connect to a system through a device
that is more than six months old or one with an ineffective operating system, this may attract a high-risk score. Also,
the system combines threat intelligence feeds of AWS Guard Duty which is a round-the-clock monitoring on
suspicious or malicious activity, including anomaly network traffic, compromised instances, or malicious behaviors.
As an example, an [P address is identified in Guard Duty as part of malicious behavior, therefore, by attempting to
log in, this user should increase the risk score, which will trigger further security measures, such as the use of MFA.

Table 1 illustrates the Risk Scoring Model, detailing how user behavior, device telemetry, external threat
intelligence, and a reference baseline contribute to risk score calculations. It highlights how anomalies trigger adaptive
IAM decisions like MFA or session termination to enhance security.

Table 1: Risk Scoring Model

Component

Description

Impact on Risk Score / IAM Decisions

User Behavior

Examines patterns such as login time,
geolocation, and type of device

Abnormal behavior (e.g., login from unusual
location) increases risk score; enables dynamic
decisions like MFA or session termination

Device Device fingerprinting, OS version, | Outdated or compromised devices raise risk
Telemetry device health score; ensures only secure devices gain access
External Threat | Feeds from AWS  GuardDuty | Suspicious IPs or malicious activity increase
Intelligence monitoring for anomalies, | risk score; triggers security measures such as
compromised instances, and malicious | MFA or session blocking
activity
Reference Maintains expected “good behavior” | Monitors deviations from normal trends to
Baseline for users detect anomalies
Observed 2023 study: 45% of high-risk incidents | Validates importance of monitoring user
Effectiveness involved unusual login behavior behavior as part of risk assessment
3.3 AI/ML Models

The AI/ML models embedded into the TAM system are essential in continually analyzing and adjusting to shifts
in user behavior as well as any new security threats. The system applies different anomaly detection algorithms, such
as unsupervised models, clustering, and auto encoders, to determine on-the-fly the risk and the diverse situations that
may indicate suspicious activities [17;18]. Unsupervised models would be used to find the outliers in user behavior
without pre-labeled information. As an illustration, in case a user unexpectedly taps into a volume of data that is
abnormally large, such behavior may be detected by the model as suspicious, despite having never observed such
behavior in the past. These models come in handy especially when it comes to detecting new or unfamiliar pattern of
attacks. Clustering models bring similar user behaviors in a group thus the system can detect abnormalities of the
usual behavior of a user or a group of users [19]. This comes in handy in those environments that have well defined
access patterns within the teams or departments. When the user is found to have deviated drastically in his or her
behavior as compared to that of others, it may point to the possibility of security threats, a phenomenon that will cause
a rise in the risk score.

Auto encoders, a variant of deep learning models, are employed to reduce the number of dimensions of user
behavior information by means of an encoder and reconstruct it. In case of reconstruction failure which implies that
the behavior is too extreme, the model categorizes the session as high-risk. The method aids in the discovery of minor
anomalies that are not apparent to the eye (using the conventional method). The scoring of risks that are generated
with the help of Al makes a system more effective because false positives should be reduced. The Al system minimizes
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the false positives by 50 percent compared to an ordinary company policy of security, as the traditional system has
been, where it is necessary to block any form of IAM entity, resulting in an unwarranted security cell alert. The result
of this is better utilization of resources and more immediate reaction to actual threats of security.

3.4 Okta Integration

Okta is the part of the IAM architecture by being pre-authenticated by pre-authentication hooks, where the
system automatically adds risk tags to user sessions even before authentication. These risk tags are important in
dynamically updating access control policies in terms of real-time risk assessment. In an attempt to log in, Okta
analyzes the user's risk profile data by collecting information about the user through outside sources like the Guard
Duty logs and Cloud Trail logs. In the event that the user's risk score is high (e.g., accessing their account via an
unknown location or a device reported as compromised), Okta adds a risk tag to the user session as an indication that
extra security may be required [20;21]. These risk tags are further transferred to AWS IAM that implements adaptive
access policies. As an illustration, a user having a high-risk tag might be requested to undergo multi-factor
authentication (MFA) and gain access to secure resources. In even more drastic scenarios, the system will be able to
end the session when the risk score of the user passes a predefined threshold to prevent unauthorized entry to crucial
data. The pre-authentication hook integration of Okta also means that dynamic, adaptive, and context-driven IAM is
provided through real-time application of adaptive security measures. Through this integration the system becomes
less dependent on pre-determined and immobile roles and policies resulting in it responding to the security threats as
and when they change.

4. RISK SCORING MODEL: DATA SOURCES AND SCORING LOGIC

4.1 Data Sources

The risk scoring model of Identity and Access Management (IAM) system based on Al is designed to enable
continuous evaluation of access requests through a number of data sources, and the purpose of the identification and
adjustment of access controls depending on risk factors dynamically. The main three data sources that affect the
scoring model include the user behavior, device telemetry, and threat intelligence. One of the most important data in
the risk scoring process is User Behavior. This encompasses a range of values like the degree of the logging-in
duration, geolocation and signal patterns. These factors are analyzed by the system to evaluate the consistency of the
request by the user with his normal behavior. To take a concrete example, a user who normally logs in in the United
States during business hours and attempts to access the resources in another country at 2 AM, this would be considered
anomalous behavior, which raises the risk score. Studies have found that 45 percent of the high risk security events
were connected with anomalous log-in events meaning that the monitoring and analysis of user activity is a significant
aspect of access decisions in real time.

Risk assessment is also a major role played by device Telemetry. The data collected by the system includes
device fingerprinting, operating system (OS) version and the device health. E.g. when a user tries to gain access to the
system with a device that has old security patches or which has been reported as suspicious to the system, the system
will raise the risk score of the user. Data classification with the assistance of PA tools such as AWS Macie and AWS
Comprehend is useful to automate data classification, which further deepens the telemetry of the device, discovering
sensitive information during user sessions. To illustrate, in cases where a user attempts to access very sensitive data
using a device that has been compromised or even when the device does not have the required updates, the risk score
would be altered such.

The other imperative aspect of the risk scoring model is Threat Intelligence. The AWS GuardDuty integration
offers useful external threat intelligence feeds, which monitors abnormal activities like compromised credentials,
malicious IP address, or suspicious API request. Should the GuardDuty identify a possible threat, e.g., a suspicious
API request by an open instance or an IP address that is listed as a malicious, the IAM system attempts to modify the
risk score of the user with the service. Such a threat intelligence means that access decisions are not made
independently but constantly updated with the latest external information.

4.2 Risk Scoring Logic

The basis of the Al-driven IAM system resides in the risk scoring logic of the system. The risk score is
calculated considering some factors connected with user behavior, telemetry of devices, and threat intelligence. The
model grades on the probability of the occurrence of a security incident due to the request of access. The score of risk
is obtained by comparing the above mentioned data sources. As an illustration, when the user tickets in a foreign place
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at an odd time, and the machine is registered to have old security patches, this adds up to an increased risk score. Also,
the risk score will be multiplied in case the system notices an external threat, like the loss of an API key or a suspicious
login attempt that is raised by GuardDuty.

After computation of the risk score, the system uses the thresholds and decision logic to decide what action to
perform. Once the risk score has surpassed a specified threshold (e.g., 70), system-based conditional access controls
will take place, e.g. Multi-Factor Authentication (MFA). In case the risk score is larger than a more serious value
(except 85), the system can either end the session or prevent access to sensitive resources to avoid possible breaches.
As an example, when a user scores a high risk (85), the system can be configured to go further and set the situation to
the next level by enforcing real-time MFA to verify the identity of the user. In case of failure to successfully complete
the MFA, the user will not be given access to the sensitive data or resources he or she was seeking to access.

Figure 3 illustrates the data gathering process for risk identification and mitigation. It outlines the flow from
project documents, expert elicitation, and site images to text mining, machine learning, risk assessment, and
integration into collaborative platforms, including Digital Twin and BIM models.

Project Expert Project Documents and

Documents Elicitation Contracts

il !

Text mining ML Automatic risk ; Dataintegration
Data : : | By Risk ' b
f or Computer algorithm identification S incollaborative
Gethering i i mitigation :
vision learning and assessment platforms

T™ f

Digital Twin and BIM

Site Images Sensor Data
model

Figure 3: Al-based-risk-management-framework

4.3 Impact

Application of Al-enhanced IAM model has demonstrated gross reduction in security incidents. Practical
evidence of the application of such systems in organizations shows that the Al-based solution leads to the fact that
breaches are reduced by 70 percent during the first half-year of use. This can be mainly attributed to the fact that the
system is capable of tracking user activity continuously and changing access control decisions in real-time, more
responsive to emerging threats than the older and traditional models of IAM. A good example is a company that has
adopted this dynamic IAM model. Before the implementation of the system, there were frequent security breaches
because the conventional non dynamic IAM policies were unable to consider real time behavior anomalies. Incidents
of unauthorized access reduced substantially after implementing the Al-driven model, since the system had a better
avenue of identifying and mitigating the risks relating to compromised credential, insider threat and abnormal user
behavior. Being able to modify access policies in real-time depending on the risk score enables organizations to be
proactive when it comes to responding to a threat before it leads to a data breach.

In addition to reduction of breaches, the Al based system also increases the efficiency of operation. Through
the decrease in the number of false positives in contrast to standard IAM systems, security specialists will be better
able to spend time on real threats rather than be overwhelmed by alerts about routine activities. This enhances the
speed of decision making and it provides a focused security activity enabling the organization to react faster with
security issues appearing [22;23].
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5. OKTA HOOKS AND SESSION TAG INJECTION
5.1 Okta Pre-Authentication Hooks

The pre-authentication hook employed at Okta is a critical feature of the identity and access management
(IAM), an Al-based environment of creating a profile of risk of a user in real-time prior to authentication. These hooks
allow the system to inject session tags in user session during the authentication process that provide valuable data that
is used to make the access control decisions that follow thereafter. With the consideration of several variables such as
user behavior, device context and threat intelligence, the session tags are essential on dynamic risk assessment.

As a user tries to access his account using his name and consequent password unwary of the uselessness of the
acquired information, Okta determines the risk score of a specific user utilizing a number of sources, including AWS
Guard Duty, Cloud Trail logs, and device telemetry. According to this analysis, Okta labels the session in accordance
with the degree of current risk, that the user request poses to access. To clarify this, in case a user logs in to his
unfamiliar location or a device with compromised security state, the risk score will increase and a high-risk tag will
be injected into the session. After injecting the session tag, it is relayed to other systems including AWS IAM and
Lake Formation which rely on the tag to impose adaptive access policy. The risk tag is a real-time monitor of the risk
profile of the user and such systems use this to decide whether a series of extra precautions like Multi-Factor
Authentication (MFA) or even ending the sessions. Okta integration with AWS IAM will make sure that evaluations
of sessions and tag injections will be efficient within a minimal period of time. Under Okta metrics, 92% of the session
risk assessments take under one second under Okta API integration. This will guarantee that access control decisions
can be answered in real-time without delays of user logins or user experience.

Figure 4 illustrates the essential components of data security, highlighting key areas such as auditing,
authentication, access control, encryption, key management, monitoring, and configuration assurance. These
components are crucial for ensuring the integrity, confidentiality, and availability of data across systems.
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Figure 4: Essential Components of Data Security

5.2 Practical Example

To explain the practicality of Okta pre-authentication hooks and session tag injections, the next scenario may
be considered. John is a typical user who logs in the system when he is in United States and at business hours.
Nevertheless, this time John tries to log in at 2 AM UTC in Germany; a place that he has never visited. This action of
logging in activates the Al-based assessment tool that scans the activity and context of the user. The system would
give a score of a greater risk on the session of John due to the peculiarity in geolocation and timing deviation.

Okta, through its pre-authentication hook, adds a high-risk session tag to John during his attempted sign-in [24].
This tag indicates to AWS IAM and Lake Formation that the session must be scrutinized further. The tag is sent to
AWS TAM, where an adaptive access control policy is invoked, such as requiring Multi-Factor Authentication (MFA)
prior to authorizing access to sensitive assets. If John does not complete the MFA challenge, the system may
automatically terminate the session or block access entirely, ensuring that unauthorized access is prevented [25;26].
Al-intensified IAM systems can be very powerful due to their ability to constantly monitor and modify security
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policies based on real-time data and dynamic risk assessment, as demonstrated in this real-time evaluation and
response to anomalous behavior.

6. IAM POLICIES WITH RISK-SCORE-BASED CONDITIONS

6.1 Dynamic Access Control Policies

The access control policies of an Al-driven IAM system are not fixed, but built on dynamic risk scores that are
calculated in real-time at the perimeter of user activity, device context, and external threat intelligence. Risk score
tags, including those added by the Okta pre-authentication hooks, can be combined with AWSIAM policies to make
access control decisions. These policies enable the organizations to develop adaptive controls which are not uniform
by the risk that is inherent to the request of access by a user. As an illustration, the AWS IAM will be able to issue the
requisite action when the risk score of a user reaches a specific threshold by enforcing MFA, restricting access to
specific objects, or even shutting down the session altogether. The dynamism of dynamic scores in the IAM policies
will enable organizations to go beyond the traditional roles and permissions so that access is only provided based on
the current security posture, instead of referring to previously defined roles.

Risk-adaptive TAM policies have been shown in practice to significantly enhance the efficiency and
effectiveness of security operations. One study found that dynamic IAM policies reduced the time required to detect
access anomalies by 40 percent, enabling security personnel to identify suspicious activity and respond more
effectively than with outdated static systems. This reduction in detection time is a key advantage of implementing
real-time risk scoring in IAM systems, introducing efficiency in responding to threats more quickly and accurately
[27;28].

Figure 5 illustrates the Identity Lifecycle Management Use Cases, including stages such as Onboard, Move,
New Application/Systems, Profile Update, Password Management, and Terminate. These stages are essential in
managing user identities through their lifecycle, ensuring secure and efficient access control across systems.
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6.2 Policy Configuration: An example.

One of the ways that the risk-based IAM policies are set up on AWS IAM can be observed in the manipulation
of the session tag to implement the conditional access. In the case where the user is exhibiting a score of risk above a
set limit- say 70 which is used as a benchmark- the system will implement Multi-Factor Authentication (MFA) unless
the user offers access to sensitive resources. This is a policy that adds to the fact that in case a user falls prey to a
breach of their credentials, he or she is subjected to further verification before accessing sensitive information. Should
the risk score be greater than 85 then a more radical response may be triggered, e.g. automatic termination of the
session. This policy sees that high-risk-profile users automatically lose access to sensitive data, thus preempting the
possible instances of breaches before they can escalate to serious levels. In case of an example, we may take a user
who tries to receive highly sensitive financial data on an unrecognized device, an unfamiliar location. The risk score
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of this session would surpass the 85 mark, and the system would also react to it by dropping the session or preventing
access to the requested resources. Such a high-level adaptive security is achievable only due to the combination of
dynamic risk scoring that enables IAM systems to issue access decisions based on real-time information.

7. REAL-TIME RESPONSES: MFA ESCALATION, SESSION REVOCATION

7.1 MFA Escalation

The capability of the Al-driven Identity and access management (IAM) to dynamically adapt to any evolving
factors is based on real-time risk assessment. Multi-Factor Authentication (MFA) escalation is activated as a
component of this system, which is a real-time risk score assessment. Having a risk score exceed a predetermined
threshold showing increased risk (e.g., because of an unusual behavior change of geolocation or a device safety
problem) the system requests the user to further authenticate themselves to identify who they are, after which the user
is allowed access. To give an example, when a user has a history of connecting in a certain area, and tries to use some
resources in a different region, his or her risk threshold will rise, and MFA is going to be intensified as a safety
precaution. The system is in such a way that only after validating the identity of the user, the sensitive data or systems
can be accessed than merely with a password. Practically, one-third of high-risk sessions provoke MFA which ensures
considerable enhancement of the security of the sessions. Studies have indicated that integration of MFA as a real-
time response results in a 70 percent increase in security of the session, which is used to curb unwanted access to the
session during risky sessions. Such a heightening is an added protection feature, and even in case the user credentials
are stolen, the access would remain limited unless any extra verification is done.

7.2 Session Revocation

Along with increasing MFA for high-risk sessions, the system can also revoke sessions in real-time to terminate
flagged high-risk sessions. In the event of suspicious behavior during a session—such as multiple unsuccessful login
attempts or detection of unusual activity—the system will automatically end the session within 10 seconds, thereby
preventing the possibility of a data breach [29]. A possible situation would be where a user is trying to log into the
system several times but is denied entry because of failure to authenticate. When such unsuccessful attempts lead to
the rise in risk score to an agreed threshold (e.g., 85) the system may activate session revocation, and no additional
access is granted. Such a direct measure will prevent malicious parties that tend to use weak or exploited credentials
to inflict damage. As an example, in case a user goes through 5 unsuccessful attempts to log in because of a growing
risk score, say, associated with a hijacked account or brute force entry, a termination of the session will be carried out
right away. The system will make sure that in the case that one of the malicious actors obtains a temporary access,
he/she will be disconnected as soon as possible to reduce the chances of taking some unauthorized measures or causing
data leakage.

7.3 Performance Metrics

Real-time is vital in the prevention of breaches and minimizing the possible harm. Real-time metrics of
responses demonstrate the quality of session revocation in the context of safeguarding confidential data. In a single
deployment, 72 calculated of security events were blocked during the initial 15 minutes of session initiation because
of automatic termination of session after the creation of a high risk score. All these indicators prove that the IAM
system that is driven by Al can drastically minimize the attacker window of opportunity [30]. Organizations have the
capability of securing critical data and resources by identifying and reacting to high-risk sessions as they occur before
causing additional harm, particularly in a setting where speed and precision are crucial considerations.

Figure 6 illustrates the impact of a data breach and how the information is processed through various stages,
such as analyzing the breach’s impact, assessing compliance requirements, and implementing countermeasures. This
approach highlights how NYSE and NASDAQ companies address data breaches and ensure that security and
compliance measures are enforced post-breach.
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8. VALIDATION: ANOMALIES, FALSE POSITIVES, AND TUNING
8.1 False Positive Reduction

Minimizing the rate of false positives, when valid user actions are viewed as suspicious, is one of the key tasks
of Al-based IAM systems. The Al-powered risk model will be optimized to offer tradeoffs between sensitivity and
accuracy so that the bona fide users are not unnecessarily inconvenienced as well as make sure that the potential bad
actors are efficiently detected [31]. False positives could be reduced by 25 percent with the system because of fine-
tuning of threshold settings and parameters used to score the risks. This reducing means that the security teams will
not be overwhelmed by the alerts that do not require any attention, and they are able to focus on the real threats and
maximise the overall performance in terms of threats detection. False positives are also minimized, therefore,
improving the user experience since he is not overworked to show authenticity as the system continues to offer the
user high level of security against genuine threats.

8.2 Anomaly Detection Accuracy

The accuracy of the anomaly detection is the major of the functionality of the Al-based IAM system. This
system monitors on a regular basis what the user is doing and compares with the already established trends to
determine whether the user is deviant in any manner and this may spell out a security threat. The other real world
example showed us that the anomaly detection system had been useful: one in four suspect sessions received the alert
of the system has not been detected by traditional IAM models. This brings out the power of the machine learning
algorithms in the ability to identify individual patterns and behaviors that would not have been easily identified. The
classical IAM systems (which rely on predefined rules and role-based access controls) cannot keep pace with current
or changing threat patterns, whilst Al-based systems can continuously train on new data, and increase their capacity
to identify abnormalities [32;33]. This better anomaly detection ability greatly improves breach detection and
minimizes the possibility of unnoticed threat attacks on vital resources. The system has the capability to prevent
security incidents even before they happen; therefore, it can capture behavioral patterns that indicate a potential
security incident and do likewise, which is unlike responding to an incident that has already taken place.

8.3 Model Tuning

The AI/ML models of continuous training and feedback loops applied to the system contributes significantly
to the enhancement of the detection accuracy in the long-term. The more data a system gathers on the real-world
interactions between the user, the more it becomes abler to understand what is regarded as normal behavior and modify
its risk scoring frameworks. Within six months of such continuous model tuning, a 30 percent increase in accuracy of
detection was achieved. This implies that the system was much more effective in identifying and reacting on high risk
sessions with less error in risk scoring and probability of false positive. The perpetual enhancement of the accuracy
of her detection assures the system is continually adjusting to emerging threats and shifts in user conduct, and thus, is
more effective at allowing access to delicate resources.
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8.4 Effectiveness of Tuning

The beneficial outcome of model tuning is also evident in the duration of high-risk user sessions. The system
was able to reduce high-risk user session time by 20% after repeatedly refining its risk-scoring logic and improving
its accuracy in detecting threats. This limits the exposure of critical resources, as shorter sessions minimize the
potential for high-risk users to access sensitive assets and cause maximum harm [34;35]. E.g. When a risk score of a
user is high because of any form of suspicious activity, a system can reduce the duration of a session and make the
user log out in a short period of time. This means that when the user has their account compromised or when they act
out of character, time of the attacker is limited and chances of data breach or uncertified entry is limited.

Figure 7 illustrates the Zero-Day Detection System, highlighting its edge deployment and cloud processing
components. The system processes input data from various sources, such as urban and mixed environments, using a
processing module. It integrates with a Zero-Day LLM for advanced threat detection, supported by a threat data
repository and validation control. This setup generates threat alerts to help proactively mitigate zero-day
vulnerabilities in real-time environments.
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Figure 7: Zero-Day Detection System,

9. RESULTS ANALYSIS AND DISCUSSION
9.1 Effectiveness of the Risk-Adapted IAM Approach

In comparison with the conventional Identity and Access Management (IAM) systems, the adaptive access
control model based on the Al-driven risk-scoring has been shown to have great benefits to security and a lower
occurrence of breaches. Conventional IAM solutions depend on fixed policies and fixed job descriptions, thus in most
cases cannot be scaled to deal with the real-time dynamics of threats and users. Conversely, the Al-based system is
constantly analyzing user activity, the health of the device, and threat intelligence and translates the results into access
control, basing its decisions on a dynamic assessment of risk.

Surveyed 12 months’ post-implementation of the Al-based IAM system, organizations have been reporting that
they have reduced security incidences by 60 percent. This decrease can be greatly explained by the fact that the system
is capable of detecting suspicious behavior fast and responding to an emerging threat in the form of dynamic access
controls. As an example, real-time risk scores can be exploited through the system to implement Multi-Factor
Authentication (MFA) or even terminate a session when in operation; it can be further used to block unauthorized
access before much harm might be inflicted, therefore. Such a dynamic and situation-aware strategy will guarantee
that access to important resources is highly restricted, which will considerably enhance the general security stance.

Table 2 illustrates the Risk Scoring Model components, including user behavior, device telemetry, external
threat intelligence, and reference baseline. It shows how deviations from normal behavior, compromised devices, and
external threats influence risk scores and IAM decisions like MFA or session termination.
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Table 2: Effectiveness of the Risk-Adapted IAM Approach

Aspect Conventional IAM Al-Based Risk-Adapted IAM
Policy Basis Fixed policies and job | Dynamic, risk-based policies
descriptions
Threat Response Static, reactive Real-time detection and response to suspicious behavior
User Activity | Limited or periodic Continuous monitoring of user behavior, device health, and threat
Monitoring intelligence

Access Control

Role-based, fixed

Dynamic access control based on real-time risk scoring

Security Incidents

Higher occurrence of breaches

Reduced incidents (reported 60% reduction within 12 months post-
implementation)

Risk Mitigation Limited to static controls MFA enforcement, session termination, and preemptive blocking
of unauthorized access
Scalability Poorly scalable to real-time | Adaptable to evolving threats and user behavior
dynamics
Overall Security | Reactive and rigid Situation-aware and proactive, improving general security stance
Posture

9.2 Scalability and Operational Efficiency.

The introduction of the Attribute-Based Access Control (ABAC) model into the IAM system helps to make it
even more scalable and efficient in its work [36]. In the case of ABAC, there is no longer any need to have a strict
architecture of Role-Based Access Control (RBAC) where there is a need to create and maintain a large number of
roles to handle access to various departments and projects. Rather, ABAC is implemented with dynamic user attributes
(clearance levels, project membership, and so on) to implement access policies, which significantly simplifies scaling
to a growing organization. Operational data display that the system allows bringing a new agency or dataset on board
within 15 minutes using the ABAC model and without doing any tricky role reconfiguration. This is much better than
the traditional RBAC systems, with allowing new roles or permissions or it may take hours or days. ABAC is flexible,
efficient, which means it is suitable in the organizations that require switching to the new data-sharing necessities or
changes rapidly, and its level of security remains high.

9.3 Usability and Adoption.

User feedback of the Al-driven IAM system has been positive and overwhelmingly so, particularly the
increased productivity and collaboration. Conventional security operations, like fixed roles and hard access controls,
usually lead to the tension between the security staff and final users. As an illustrative case, the employees are either
compelled to seek manual access modification or take time to collaborate with other departments. Nevertheless, users
do not have many disruptions because of the adaptive access control policies. Risk assessments can be conducted real
time so that security features like MFA or access controls are not enabled unless needed without impacting on routine
operations. Consequently, users claimed that the security was no longer impeding their effectiveness to work and
cooperate with the employees in other departments. This has contributed to the growth of virtual adoption of the IAM
system throughout its organization, as users now see security as facilitating their productivity and no longer as an
obstacle to the same. Administratively, there has also been an easing of policy management with the replacement of
fixed functions with tagging of resources. Security teams are not required to handle many roles/permissions any more,
with dynamic session tags using real-time risk assessment. This streamlined methodology does not only enhance
security but also decreases the level of administrative cumbersomeness that generally comes along with the effort of
maintaining complex IAM systems.

Figure 1 illustrates how Internal Audit (IA) departments leverage generative Al, focusing on key areas such as
fraud detection, continuous monitoring, audit risk assessment, regulatory compliance, audit reporting, and automated
control testing to enhance audit processes and efficiency.

450



Automated Control
Testing

T ™
~—(Em)~
PN AN e N
a1 = T P s B
Fraud Detection \ :I I I Audit Reporting
\ S J \ ’@ .
- How Do IA N~ <
Departments
Leverage
-~ . Generative AlI? -

N ./‘ \ / | — \.
Continuous | \ ( | Regulatory
Monitoring Vi o g % / Compliance

Audit Risk Assessment
and Planning

Figure 8: generative-ai-for-internal-audit

10. FUTURE DIRECTIONS

10.1 Integration of Device Posture: Adding Device Health Checks to Further Tighten Access
Policies

With the cybersecurity landscape continuing to evolve, one of the next rational steps towards enhancing the Al-
based IAM system is to introduce device posture into the risk-scoring and the process of granting access. The system
currently takes into account a great variety of variables, including the use, device telemetry, and threat intelligence.
However, the addition of device health verification to this flow can perhaps take further measures to limit access
policies and increase security, in general. The term of device posture indicates the security level of the device that is
utilized to access the corporate resources [37]. This involves issues like is the device up to date with security patches,
has antivirus protection, is the device compromised or is the operating system out of date. Combining device health
checks with the risk-scoring model would not only allow IAM systems to assess who is currently trying to access
resources, but also the level of security on the device that is sending access tunnel to the resource in question.

As an illustration, a user trying to log-in using a device without the most recent security update installed or a
device that is displaying indications of malware infection would automatically raise a higher risk score. On this basis,
the system would be able to implement more stringent access controls, like forcing the user to update their device or
do step-up (e.g., MFA) authentication first, then granting the user access. By incorporating the posture of the devices
into the IAM system, more inclusive adaptive access controls will be facilitated ensuring that only users who have
trusted identities and trusted devices are granted access. This will go a long way in ensuring that an organization can
offset the risks that are related to the vulnerabilities of the devices.

10.2 Adaptation to cross-cloud/Multi-Agency Teaming Expand the Architecture to support Multi-
Cloud-based environments and cross-agency collaboration.

The next critical area to focus the development in the future is the expansion of IAM architecture to be used in
multi-cloud systems and provide cross-agency cooperation. The IAM system also needs to be adapted to support a
distributed security model as the organizations grow to multi-cloud strategies (with resources moving in many cloud
vendors, including AWS, Azure and Google Cloud). As it stands, lots of IAM systems are structured to operate within
a single cloud setup, and it is hard to execute uniform access controls across various cloud platforms. The progress in
the future should be directed at the development of the ability to implement user access and access control in the
environment of various cloud services and third parties. This would enable the organizations to have a single
perspective on the user access and behavior in all the platforms and the use of the principles of Zero Trust would be
similar.

Cross-agency cooperation, especially that of a governmental or highly regulated sector, involves the need to
exchange information and resources safely across various organizations or departments. The IAM system must be
flexible to allow access control not only within one organization but also across various agencies or entities so that
sharing of data and collaboration is carried out safely. With the ability to extend the architecture to allow multi-cloud
and cross-agency collaboration, it will enable the organizations to implement the same consistent policies no matter
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the nature of the cloud provider or other organizations. This will not only increase security avenue, but will also add
flexibility that is needed in the current, collaborating workplace.

10.3 Next-level Al and ML: Use Reinforcement Learning to make Dynamic Changes in risk
thresholds and access controls.

Reinforcement learning (RL) as a means of dynamically controlling risk thresholds and access control policies
can be seen as one of the future trends of the Al-based IAM system [38]. Conventional machine learning models
within IAM systems usually need to be humanly adjusted and preconfigured thresholds to determine when to invoke
access controls such as MFA or terminating a session. This can however be automated by reinforcement learning
whereby it allows the system to continue adapting without requiring human intervention. Reinforcement learning
ensures that the system is able to learn with the actions and the environment and modify its access control policies in
response to the feedback. As an example, the system can infer the lessons of previous incidents (including successful
or unsuccessful attempts to detect breaches) to optimize the risk scoring threshold(s) based on various types of
behavior. When a user has a habit of acting within the normal parameter, the system can reduce the threshold and
activate security measures. Conversely, when the system recognizes that there are certain behaviors, which tend to
correlate with the breaches, it can change thresholds to react even more violently to the predictable patterns.

The point of reinforcement learning that is important to apply in IAM is that it enables dynamic changes in real
time [39]. This means that new behavior patterns and new threats can be automatically identified and access control
policies changed accordingly to protect sensitive resources. This model is continuously enhanced through the feedback
mechanism and access policies are maintained up to date in the face of an ever-evolving threat landscape. The
reinforcement learning would further ensure the IAM system even more responsive to changing security risks to ensure
that a control of access would be dynamic and proactive [40]. Such level of automation and dynamism will be
necessary at the time when threats will be even more sophisticated and user behavior will be more complex.

Figure 9 schemes the flow between the artificial Intelligence (AI), Machine learning (ML), and its subfields.
Machine Learning is a subfield of Al and it encompasses Reinforcement Learning, Supervised Learning, Unsupervised
Learning and Deep Learning. Such methods are the staple of Al-based systems and allow creating models that can be
trained and can adapt to new data as time goes by.
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11. CONCLUSION

The artificial intelligence-driven risk scoring and adaptive access control system is a significant innovation in
the Identity and Access Control (IAM) sphere. The system enhances the security, manual overhead reduction, and
allows greater dynamism in the application of the concepts of Zero Trust by performing a continuous analysis of
dynamic risk indications, which are based on the real-life properties such as user behavior, device health, and threat
intelligence. This context-aware, real-time decision making will imply that an access control will not be static but will
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evolve with the dynamic risk environment thus reducing the risk of false positives and thereby reducing the number
of breaches.

The other piece of knowledge gained during the adoption of this system is the Al-related risk scoring that
enhances the IAM security by flexing the decision on access control to the prevailing conditions. This kind of
flexibility also facilitates timeliness when it comes to responding to organizations to new security threats and
compromised accounts, thus, also making the process of discovering and responding to any security incident
unpredictably shorter. The dynamic access control policy can also be applied to work hand in hand with the Attribute-
Based Access Control (ABAC) which helps the organizations to downscale their [AM systems. Through dynamically
motivated policies that the traditional role-based model is superseded by, businesses can provide a more challenging
and scalable solution to the dilemma of role administration that arises due to the inflexibility of the classical model.

The impact of such Al based IAM system availability has been colossal particularly on the security and
compliance. The after implementation statistics have seen that the system has resulted in reduction of security
incidences by 60 percent. This is due to the fact that the system can detect cases of suspicious activities very fast and
respond to them before they deteriorate and resist them in the majority of cases. In addition, the system has assisted
significantly to achieve a greater degree of compliance with the canons of the Zero Trust, in order to ensure that the
access to the vulnerable information is constantly monitored and controlled, based on the ongoing analysis of risks.
This is a dynamic style that helps organizations to escape the reduction of efficiency in the operations as they strive
to deliver on the rising security demands. The use of Al and machine learning countries on the IAM system has also
led to the increased compliance with the regulatory requirements, such as HIPAA and FedRAMP. By permitting the
adoption of these granular access controls and making sure that an ongoing analysis of the user activity and the security
posture, business can be positioned at the side of meeting the regulatory requirements not to mention the improved
overall security performance. It is the artificial intelligence (AI) based IAM systems that are transforming how
organizations manage access, improves security and builds cooperation’s. The great advantages of applying security
measures according to the real-time needs are seen by the fact that the IAM policies became more dynamic and
context-dependent as compared to being the same and role-based. Not only does this strategy boost security but
efficiency in business as well, making businesses adequately equipped to address the existing security concerns and
regulatory challenges.
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