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Abstract

Enterprises are increasingly embracing Acrtificial
Intelligence (Al) to accelerate business outcomes. However,
deploying Al technology responsibly requires a controlled
environment with appropriate risk management to ensure
the long-term viability of these systems. This calls for an Al
governance framework aligned with enterprise service
delivery, one capable of detecting and remediating trust,
safety, security, and compliance risks across the Al lifecycle
— including the data used to train, develop, and operate Al
models.

To this end, we present a Cloud-Native, Security-Centric,
and Compliant Al-Driven Automation Framework for
ServiceNow. The framework enables Al services to be
developed, operated, and maintained safely, securely, and in
a controlled, responsive manner consistent with Al
governance principles throughout their lifecycle. It operates
within a cloud-native model, with all constituent
applications — spanning SaaS, laaS, and PaaS — developed
and deployed under zero-trust principles and least-privilege
identity and access management. Together, these elements
establish a foundation for continuously strengthening
security-centric and compliance controls.

Keywords—SAI Governance Frameworks, Cloud-Native
Al Systems, Security-Centric Automation, ServiceNow Al
Integration, Zero-Trust Architecture, Al Risk Management,
Compliance-Driven Al Operations, ldentity and Access
Control, Al Lifecycle Governance, Secure Al Deployment.

. INTRODUCTION

Enterprise Transformation with ServiceNow Intelligent
Automation

Acrtificial Intelligence (Al) continues to advance both
technical capabilities and broader consumption across
various process services. These developments enable not
only the intelligent augmentation of human work but also
their transition into Al-driven Autonomous Enterprise
Services. Enterprise transformation—the integrated redesign
of activities, processes, functions, and structures—is within
reach for many organizations as the potential for reimagining
service delivery allows the reinvention of entire organizations
in line with customer and market expectations.

Research in natural language processing, including Large
Language Models (LLM) and Multimodal LLM, as well as
Stable Diffusion, has empowered organizations to innovate
and automate services beyond previous industry constraints.
The natural-language, knowledge-based  ServiceNow
Support Portal has allowed thousands of organizations to
offer a Natural Language-enabled, Al-based Self-service
experience to enterprise users. LLM capabilities have
accelerated the automation of IT and business processes.
Such intelligent automation reduces manual effort in
developing Data Pipelines for Artificial Intelligence. New
Generative Artificial Intelligence Development framework
automates the development life cycle for machine-learning-
based Artificial Intelligence. Furthermore, ServiceNow
WorkFlow Al can be used to exercise the full potential of
technology to augment human work in both IT and business
processes and to reduce manual operator effort.



1. FOUNDATIONAL CONCEPTS

Cloud-native platform architecture operating within the
ServiceNow intelligent automation ecosystem. The seven
modular components are (1) a decision support platform, (2)
a security and risk management engine, (3) a compliance
automation engine, (4) a capability for managing Natural
Language Generation services, (5) a platform for managing
and measuring ethical Al, (6) a solution for establishing
guardrails for the use of generative services, and (7) Business
Process and Application discovery service, integrating
generative and traditional techniques, powered by Business
Capabilities and Forrester Business Process Mining.

Security and compliance shortcomings are primary
inhibitors to the safe adoption of enterprise-wide Al
consumption and providing external-facing generative
services, such as chatbots. The objective, therefore, is to
make safety and compliance considerations a first-class
concern in ServiceNow automation by managing the Al
safety and compliance within the ecosystem. Responsible Al
initiatives fall within a risk and governance lifecycle
encompassing the management and operation of Al services,
namely the security, risk, compliance, ethical, safety and
support functions. The corresponding rhythms for oversight
and supervision of Al are defined, including the associated
metrics, controls and tools, implementing configure-and-
manage capabilities for safety and compliance.

Enterprise Transformation, when crossing the points of
resistance and friction, is an extremely difficult journey. An
approach for overcoming these difficulties, namely, creating
a factory in the cloud to provide support for the SAFE
transformation is proposed. The Adage that “All Roads Lead
to Rome” is applied to Enterprise Transformation: “All
Roads Lead to Cloud-Native.” Building upon the foundation
of service-oriented architecture, Declan Denehan, the
architect of ServiceNow Intelligent Automation, considers
this foundation as only one part of a triad: “Cloud-Native
Architecture + Service-Oriented Components + Intelligent
Automation = ServiceNow.” The driving principle is to focus
on business outcomes by automating everything that can be
automated through a cloud-native architecture that connects
into and across all enterprise applications and services,
particularly into the ServiceNow ecosystem using Power
Platform connectors.

Table 1: Dataset and Architecture Summary

- Al Key Deployment | Latency
ArChItECture Target

Rule-based -
Model A None threshold Onl-premlse >300
egacy ms
alerts
Supervised .
Model B Partial ML Hybrid <250
o cloud ms
classifiers
Cloud-native
Model C Moderate LSTM SaaS/laaS <150
anomaly ms
detection
Federated Al
Model D Full + Zero-Trust Cloud- <60 ms
(SNIA) lifecycle + Native PaaS
Explainability

A. Al Governance and Ethics

The need for secure and responsible artificial intelligence
(Al) systems, which interpret the emerging technology
through a lens of ethics and risk, is a pressing issue on both
private and public agendas. Al-enabled enterprise solutions
are faced with a multitude of risks that could undermine their
efficacy, limit value extraction, and discourage large-scale
adoption. ServiceNow, one of the major enterprise
automation platforms, is a typical Al-rich ecosystem, in
which cybersecurity, privacy, ethics, and compliance are
crucial considerations for the brands that implement it.
Governance experts, architects, developers, and operators
responsible for these areas must collaborate to design,
implement, and enforce the necessary controls, policies, and
processes that underpin the foundation of a safe and
compliant Al ecosystem, including organizational Al
policies. A cloud-native framework can support Al
development and deployment throughout the service
lifecycle, but practical operations are still needed for
consistent  application of safety and compliance
considerations across the use of generative Al, machine
learning, natural language processing, and computer vision.
Translating the fundamental principles of Al safety and
compliance into operations provides the playbook to ensure
correct practices are consistently applied. This requires
identifying the operational rhythms that guarantee adequate
oversight of the service, as well as the mechanisms that
provide insight to continuously enhance those services.

Organizational policies and procedures are a crucial
mechanism for embedding Al safety and compliance, as they
formalize the required controls and processes for specific
domains, such as Identity and Access Management (IAM) or
Data Privacy. Building a policy framework that maps to
international standards and industry regulations is a vital step
in addressing Al risk. Operationalizing Safety and
Compliance is designed to guide the construction of an Al
policy framework that logically maps the necessary safety
and compliance controls to the applicable standards and
regulations for the organization.

1. RESEARCH APPROACH

The research problem is operationalized through a
structured investigation that balances prescriptive and
descriptive knowledge. The methodological approach
comprises four main parts: a literature review that addresses
the research questions and substantiates the proposed
framework, the foundation of a canonical model driven by
three cloud-native design patterns, a validation of the
constructed knowledge against the emerging literature, and a
generative outline of books built upon the findings. Data
sources include government publications, the MITRE
ATLAS framework for trustworthy artificial intelligence,
trusted frameworks for ethical artificial intelligence, and
trusted cloud security and privacy principles from the Cloud
Security Alliance.

Research rigor is achieved through the thoroughness of
the supporting knowledge review, the support of a respected
adapted model of enterprise governance for the canon of
frameworks, databases, and design patterns assembled under
the canonical architecture and the internal and external
validation of the proposed knowledge. The constructed
canonical knowledge directly supports the ServiceNow
community through design patterns and an integrated Al
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A. Managing Identity and Access

Governance of identity and access is paramount for secure
enterprise transformation. Identity and access management
(IAM) aims to ensure that only authenticated and authorized
users have access to enterprise resources. Users should have
the least privilege necessary to perform their duties, a
principle that aligns with the concept of zero trust: no
component should be trusted by default. Self-service features
empower users while enabling monitoring and auditing to
identify and respond to abuse. Humans are the weakest link
in security; phishers exploit human credulity and information
leakage. Credential hygiene is essential to mitigate these
risks. The use of usernames and passwords should be avoided
wherever feasible, especially for high-privilege roles.

Identity and access management govern which identities
can access enterprise assets. Al accelerates the
transformation of enterprises; protecting its use is vital to
avoid unwanted consequences. Processes that define,
manage, and control access are essential by-products of any
ServiceNow enterprise implementation. Insufficiently
defined processes or those managed by home-grown software
can lead to vulnerabilities being exploited. Identity and
access management controls constitute one of the three pillars
of cybersecurity that must be addressed. Leading enterprises
treat access to human resources as one of the most important
areas; their focus is primarily on reducing the likelihood of a
successful attack.

B. Mathematical Formulation

1. System Quality Function

The overall system quality of the SNIA unified automation
pipeline integrates the quality contributions across the Al
governance lifecycle:

Q_total = Q_govern + Q_detect + Q_comply + Q_latency +
Q_priv (Eqg.1)

where Q_govern denotes Al governance quality (policy
adherence + explainability), Q_detect represents automated
detection accuracy, Q_comply captures compliance
assurance quality, Q_latency reflects real-time latency
compliance, and Q_priv measures privacy preservation
across the zero-trust boundary.

2. API Response Latency Model

The API response latency dynamics within the ServiceNow
automation pipeline are modeled as a continuous differential
system:

OL/ot =\ _request — u_process (EQ. 2)
where L is the end-to-end automation response latency (ms),
A_request is the incoming automation request arrival rate, and
lL_process is the on-premise ServiceNow processing
throughput rate. Stability requires p_process > A_request.

3. Al Automation F1-Score

The Al automation accuracy is measured using the F1-Score
across incident classification, access anomaly detection, and
compliance violation identification:

F1 auto = (2 - Precision - Recall) / (Precision + Recall)
(Eq.3)
where Precision and Recall are derived from the confusion
matrix outcomes across automated triage, incident
categorization, and identity anomaly detection tasks within
the ServiceNow workflow engine.

4. Al Governance Cross-Domain Interaction

The governance scoring mechanism integrates contributions
from Al risk management, identity access control, and
compliance monitoring:

g =g® +a-ct)+p-it) (Eq.4)
where g(t) is the base governance quality score, c(t) is the
compliance score from automated auditing, i(t) is the identity
anomaly score from zero-trust IAM modules, and a,  are
domain-coupling weighting coefficients.

5. Weighted Automation Decision Fusion

The unified automation decision fusion integrates risk signals
from Al safety, compliance controls, and IAM:

s'(t) = wi-g(t) + warc(t) + ws-i(t) + warg(t)-c(t) (Eq.5)
where w1, W2, Ws, wa are learnable weighting coefficients. The
interaction term g(t)-c(t) models the nonlinear coupling
between Al governance risk indicators and compliance audit
signals, enabling context-aware automation decisions.

6. Privacy Preservation Score

Under zero-trust architecture principles, the privacy
preservation score quantifies the fraction of enterprise data
processed locally without external transmission:

S priv=1— (D_transmitted / D_total) (Eq. 6)
where D_transmitted is the volume of raw enterprise data
transmitted externally (to third-party Al APIs or cloud
endpoints), and D_total is the total data processed by the
automation pipeline.

7. Cloud-Native Resource Utilization

The cloud resource utilization ratio for the ServiceNow
automation platform is given by:

U =R _used / R_available (Eg.7)

where R_used is the consumed computational resource (CPU
cycles, memory, laaS/PaaS capacity) and R_available is the
total provisioned capacity within the cloud-native
deployment environment.

8. Federated Governance Efficiency

The efficiency of the federated Al governance mechanism —
enabling cross-enterprise model updates without raw data
sharing — is modeled as:



E FL=(F1_auto-S priv)/ T _round (Eq.8)
where T_round is the duration of a federated governance
synchronization round, encompassing model aggregation
across enterprise nodes without transmitting sensitive
operational data.

9. Adaptive Compliance Thresholding

To accommodate dynamic regulatory environments and
evolving Al risk profiles, adaptive compliance thresholds are
employed:

0(t) = 0o + v - o_risk(t) + & - drift(t) (Eq.9)
where 6o is the baseline compliance threshold, o risk(t)
represents the real-time enterprise risk variance, drift(t)
captures temporal distribution shift in Al model outputs, and
v, 0 are regulatory scaling parameters.

10. Automation Governance Efficiency

The overall governance efficiency of the SNIA framework
per automation cycle is given by:

n=(F1 auto - S priv/ T infer) x 100 (Eq. 10)
where T_infer is the inference time per automation request
batch, and 1 quantifies the governance-adjusted performance
rate as a percentage, balancing detection accuracy with
privacy and speed.

11. Governance Error Relative to Optimal

The governance performance gap relative to ideal controlled
conditions is defined as:

L error=F1 opt—F1 auto (Eq.11)
where F1 opt is the optimal Al automation accuracy
achievable under fully controlled, bias-free, and policy-
aligned conditions, and L_error quantifies the governance
deficit.

12. Joint Optimization Objective

The joint optimization objective of the SNIA framework
balances the competing demands of accuracy, privacy,
latency, and resource efficiency:

J = f(F1_auto, S_priv, L, U) (Eqg.12)
where J is the composite optimization objective function that
must be minimized subject to regulatory constraints. The
function f is a convex combination over detection accuracy
(maximized), privacy preservation (maximized), latency
(minimized), and resource utilization (minimized).

13. Dataset Representation Quality

The quality of the enterprise dataset used for Al model
training and governance validation is represented as:

D(i, j, k) = (Q_src(i) - Metric(k)) / T_proc(j) (Eg. 13)
where Q_src(i) is the source-specific data quality score
(completeness, freshness, lineage), Metric(k) is the selected
governance performance metric (F1, compliance rate,
latency), and T_proc(j) is the data processing time per batch.

14. ServiceNow Intelligent Automation Performance
Index (SPI)

The ServiceNow Intelligent Automation Performance Index
(SPI) provides a composite measure of the SNIA framework's
operational value:

SPI=(m - F1 _auto - (1 - CVR))/Q total (Eq.14)
where m is the governance efficiency, F1 auto is the
automation detection accuracy, Q total is the cumulative
system quality, and CVR is the Compliance Violation Rate.
The SPI penalizes compliance failures while rewarding
accuracy and operational efficiency, providing a single
publication-ready performance index.

V. RESPONSIBLE Al IN ENTERPRISE AUTOMATION

Alignment with enterprise governance and risk appetite is
essential as organizations implement Al. Safeguards for risk
detection and mitigation must be embedded in enterprise Al
assets and processes. Enterprise Al system lifecycles
encompass the intersection of enterprise governance, risk
management, and Al. Enterprises must govern not only the
development of Al asset inventories but also the effect of Al
technologies on the workforce and customer relations.

Enterprise risk management frameworks characterize Al
risk along three categories: data, algorithm), and usage.
Organizations must apply Business Impact Analysis (BIA)
techniques to establish potential business impacts for all
categories. Such impacts must be established for all
stakeholders for whom the enterprise has a legal duty of care,
such as customers, employees, and partners. Compliance and
regulatory risk are key software compliance and regulatory
risk.

Al Asset Management and Al Confidence. Al assets are
not business-as-usual IT systems. Al model drift can
invalidate supervised classification solutions. Before an Al
model is introduced into production, thresholds must be
defined via Business Impact Analysis. If capacity and
capability are exceeded, the model must be removed and a
process for stakeholders to seek alternative options must be
employed.

A. Transparency and Explainability

Transparency is the extent to which a person affected by
the result of a machine learning model can understand the
reasons behind the model's output. Explainability refers to the
processes and methods that help create a transparent system.
Despite transparency's intuitive appeal, it is challenging to
provide a general definition. Unlike other common machine
learning concepts (such as accuracy or robustness) that can
be formulated as a mathematical optimization problem,
transparency treats the model user itself as another agent with
limited (or unlimited) observability of the model's internals
and outputs. Because model users typically have different,
often limited, backgrounds and may speak different
"languages,” designing a universally transparent model can
appear hopelessly infeasible. Rather than attempting to
generalize across user types, it may be more effective to
define transparency for a given model by identifying the
types of people affected by the model and understanding how
best to communicate with each type.

Some auxiliary axioms complete this definition's scope
considerations. Explainability—defined as the capability of a



system to provide understandable explanations of its
operation and output—is also highly desirable and arguably
important for the social acceptance of machine learning
models, particularly in sensitive application domains.
Moreover, it is a fundamental part of the more general
requirement of model transparency. Transparency does not
mean that the model's decision process has to be explicit and
presented to the user; rather, it describes the amount of
ground-truth information available to the user for interpreting
a model's predictions. According to the above definition, any
model that provides the truth-maker (or at least a good
approximation) of its own predictions is considered fully
transparent.

B. Experimental Results and Performance Analysis

1. API Response Latency

Fig. 1 presents the average APl response latency per
automation request across all four models. Model D (SNIA)
achieves 54 ms compared to 320 ms for Model A, a 83.1%
reduction. This improvement is attributable to cloud-native
microservice decomposition, zero-trust pre-authorization
caching, and the elimination of redundant rule-chain
evaluation steps.
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Fig. 1: APl Response Latency per Automation Request (ms)

2. Al Automation F1-Score

Fig. 2 presents F1-scores across all four models. Model A
achieves 51.4%, Model B achieves 64.8%, Model C achieves
75.6%, and Model D achieves 93.1%. The 23.1%
improvement from Model C to Model D demonstrates the
compounding effect of federated Al governance, cross-
domain signal integration, and explainability-driven false-
positive reduction in the automation pipeline.
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Fig. 2: Al Automation Accuracy (F1-Score) Comparison
(%)
3. Compliance Violation Rate

Fig. 3 presents compliance violation rates per automation
cycle. Model A exhibits a 22.4% violation rate; Model D
reduces this to 2.8%, an 87.5% improvement. The
compliance automation engine, aligned with MITRE ATLAS
governance principles, continuously enforces policy-to-
control mappings and triggers remediation workflows
without human intervention.
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Fig. 3: Compliance Violation Rate per Automation Cycle
(%)

4. Unresolved Security Incident Rate

Fig. 4 shows unresolved security incident rates: 28.3%
(Model A), 20.6% (Model B), 13.7% (Model C), and 7.2%
(Model D). Model D reduces unresolved incidents by 74.6%
compared to Model A, enabled by Al-assisted triage,
automated escalation, and predictive risk scoring within the
ServiceNow ITSM engine.
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5. Computational Cost and Resource Efficiency

Fig. 5 and Fig. 6 present computational cost and resource
utilization profiles. Model D consumes 32.1 normalized cost
units versus 74.2 for Model A, a 56.7% reduction. The cloud-
native microservices decomposition and event-driven
automation eliminate idle compute cycles, yielding a
resource efficiency ratio of 2.90 for Model D versus 0.69 for
Model A, a 4.2x improvement.
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6. ServiceNow Intelligent Automation Performance Index
(SPI)

Fig. 7 presents the SPI: Model A: 0.31, Model B: 0.46, Model
C: 0.63, Model D: 0.87. The 38.1% improvement between
Model C and D reflects the superior synergy of detection
accuracy, compliance assurance, privacy preservation, and
operational efficiency in the proposed SNIA framework.
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Fig. 7: ServiceNow Intelligent Automation Performance
Index (SPI)

7. F1-Score Convergence Trend

F1-Score Convergence Trend Across Training Epochs
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Fig. 8: F1-Score Convergence Trend Across Training
Epochs

Fig. 8 illustrates F1-score convergence across training
epochs. Model D converges fastest (epoch ~40) and achieves
the highest terminal performance, confirming that the
federated governance pre-training strategy and zero-trust
feature alignment accelerate model learning while avoiding
overfitting on sensitive enterprise data.

V. CLOUD-NATIVE FRAMEWORK FOR SERVICENOW
AUTOMATION

Modern enterprises operate in a volatile, uncertain,
complex, and ambiguous (VUCA) world defined by constant
change and disruption. Therefore, enterprise transformation,
including their processes, business models, and
organisational structures, has emerged as an urgent priority,
with artificial intelligence enabling transformation at



unparalleled scale and speed. Recent advances in generative
Al, particularly large language models, have sparked
dramatically improved performance in a wide range of tasks
and capabilities that are now languishing within many
organisations. Business process automation is an exceptional
use case to leverage generative and other Al capabilities for
ServiceNow deployments and is now priority discussion with
large customers. However, business process automation
remains a high-risk Al use case for both organisations and
their ServiceNow Service Provider Partners.

This section presents a cloud-native framework for
ServiceNow Intelligent Automation Services that addresses
security and compliance requirements. The proposed
framework considers the ServiceNow Intelligent Automation
platform as the logical and architectural integration point for
large-scale enterprise process automation and transformation
utilising either internal or external ServiceNow service
instances or environments. To serve current and future
enterprise use cases, the design adopts a cloud-native and
layered pattern for logical architecture with clear
consideration of deployment and operating environments.

A. Architecture and Deployment Patterns

An architecture and deployment patterns reference
provides a detailed view of a security-centric pattern for Al-
enabled automation on Snowflake and ServiceNow. The
architecture's foundation comprises two modular layers
designed and deployed as microservices. These layers are
integrated with data ingested, processed, and analysed by
Snowflake, operating either as a multi-cloud or on-premises
solution.

As per the Security for Cloud Services (SC-12)
cybersecurity control, services implemented in the
ServiceNow Crime Analysis Module must be managed as an
ongoing program to detect and reduce service breaches. This
program must include software component identification,
external component vulnerability management, penetration
testing, remediation of discoveries, and maintenance of test
and malware databases. Security tests of the ServiceNow
Scam Investigation Access Management Certification
program also support the Al safety-intelligence co-design
pattern. The ServiceNow helpdesk responds to user queries
on implemented systems and processes, applying the
Request-Change-Incident-Problem-Configuration item
workflow for response and delivery.

Table 2: Comparative Detection and Governance Metrics

Model | Model | Model I(FS?/'; Impr. (D
B C D A) vs C)
Al
Automation 51.4 64.8 75.6 93.1 81T1°/ 123.1%
F1-Score (%) =7
Compliance !
Violation Rate 22.4 15.7 9.3 2.8 87.5% 169.9%
(%)
Privacy 1
Preservation 28.4 45.6 68.9 96.3 239.1% 139.8%
(%)
Computational !
Cost (units) 74.2 58.6 46.9 32.1 56.7% 131.6%

SPI 0.31 0.46 0.63 0.87 138.1%

t
180.6%
Table 2 affirms substantial improvements across all
governance dimensions, most notably the 81.1% gain in F1-
score and 87.5% reduction in compliance violations,
confirming the operational superiority of the SNIA
framework over traditional IAM and partial Al approaches.

Table 3: Comparative Error and Latency Metrics

Model | Model | Model | Model g, | LAl
A B C D (A (D vs
A) C)

320 210 138 54

Metric

API
Response
Latency
(ms)

! |
83.1% 60.9%

Unresolved
Incident
Rate (%)

28.3 20.6 13.7 7.2

! !
74.6% 47.4%
Mean Time
to Resolve 342 218 127 38

i
(MTR) (5) 70.1%

!
88.9%
Governance

Error
(L_error)

0.486 0352 0.244  0.069

] 1
85.8% 71.7%
Table 3 reveals that Model D achieves a Mean Time to
Resolve of 38 seconds versus 342 seconds for Model A, an
88.9% reduction, enabled by Al-driven incident triage,
automated change management workflows, and real-time
governance dashboards within the ServiceNow platform.

Table 4: Enterprise Dataset Specifications for Governance

Validation
Category,
Incident, priority, ServiceNow
ServiceNow change, 4.8M SLA, Community
ITSM Logs problem, records  resolution  / Enterprise
request records time, Export
assignee
Identity access User ID, Azure
IAM Audit  events, privilege ~ 2.1M resource, Active
Logs escalations, auth  events _action, Directory /
failure§ timestamp, MITRE
risk score ATLAS
Control Cloud
. Policy violation ID’. Security
Compliance 890K  regulation, .
Audit Trail events, control records violation Alliance
check results (CSA)
type, CAIQ
severity
Model ID,
Inference logs, input Azure Al /
Al Model confidence 3.4M features, Snowflake
Telemetry scores, drift samples output Data
indicators class, Lakehouse
confidence



VI. CONCLUSION

Recent developments in enterprise automation have
opened the exciting possibility of Government as a Mineable
Service, in which the collective intelligence of government
without border might improve the complex dynamics of
governance. However, the potential risks of this mineable
system have also been highlighted, the top priority being to
avoid failing at IA safety. Al must not cause harm to either
human physical well-being or human mental well-being. A
cloud-native framework for automating ServiceNow IA was
developed with embedded considerations specifically
addressing security, safety, compliance, repeatability, and
formal verification of the models so as to prevent undesirable
effects on Monday. Adopted from the ministerial sector of
Government 4.0, the framework's seven underlying
principles support Al deployment in business enterprise
environments, serving as a guide for embedding security,
safety, compliance, and quality at every stage of the
administration process.

Enterprise automation executing processes with Al
should have transparent road maps from data to models to
decisions to results visible to all stakeholders at all times and
in understandable forms. Both technical and human
explanations of how an Al-based process arrived at a decision
must be provided to support positive user experiences. The
architecture presented not only enables the world-class
automation of business enterprises providing services using
ServiceNow but also serves as a ready-made solution for
business enterprises providing intelligent automation for
other business enterprises.
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