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Enterprise Software-as-a-Service (SaaS) has evolved through three key stages: 

monolithic multi-tenant applications, cloud-native microservices, and now, the latest 

generation of “agentic” platforms powered by large language models (LLMs), 

retrieval-augmented generation (RAG), and autonomous agents. While there has 

been plenty of discussion around microservices, observability techniques, and 

frameworks for generative AI, not much has been said about how these changes tie 

into organizational design, business value, and governance issues with an enterprise 

SaaS focus. This paper presents a targeted narrative synthesis of Enterprise SaaS 

evolution from the late 1990s through the early 2020s and outlines emerging 

directions for agentic platforms. It examines the defining technologies and structural 

patterns of each architectural phase and analyzes their business and operational 

implications, including delivery performance, scalability, innovation capacity, and 

customer experience. The paper further introduces an outcome-oriented evaluation 

framework for enterprise generative AI platforms that links technical performance 

metrics to strategic and organizational outcomes and anchors model quality 

assessment in emerging standards and benchmarks. In addition, it synthesizes key 

implementation challenges – such as technical debt, organizational capability gaps, 

integration complexity, and governance risk – and reviews mitigation strategies 

observed in recent practice and literature. Drawing on surveys, standards, and 

industry reports, this study concludes with a research agenda focusing on long-term 

and empirical evaluation of generative AI adoption, the co-relation between technical 

architecture and organizational form, and governance models for increasingly 

autonomous systems. The findings provide a structured reference and framework for 

researchers and practitioners designing, operating, and governing next-generation 

Enterprise SaaS platforms.  

Keywords: Enterprise SaaS; cloud-native architecture; microservices; generative 

AI; retrieval-augmented generation (RAG); autonomous agents; software delivery 

performance; AI governance.  

1. Introduction  

1.1 Background and Motivation  

This paper is a narrative synthesis and conceptual framework that integrates technical architecture, 

organizational design, and governance in Enterprise SaaS evolution, rather than a systematic review or 

empirical evaluation. In the last twenty years, Enterprise SaaS has emerged as the go-to model for 

business software delivery, replacing traditional on-premises setups in various domains. Initially, SaaS 

solutions centralized functionalities, data, and operations into monolithic multi-tenant apps offered via 

subscription, which helped lower capital costs and shifted operational duties from customers to 

providers. However, these systems still had structural challenges that limited scalability, flexibility in 

releases, and adaptability.  
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The shift to cloud-native architectures – embracing microservices, containers, orchestration platforms, 

and service meshes – enabled SaaS providers to isolate functionalities, scale horizontally, and adopt 

DevOps practices. Recently, the advent of generative AI has sparked a new wave of architectural 

changes. LLMs, RAG frameworks, and autonomous agents have introduced natural language interfaces, 

context-aware decision-making, and workflow automation, pushing SaaS beyond rigid workflows and 

traditional rules.  

Despite the wealth of information on microservices, observability, and LLM systems, there remains a 

gap for practitioners and researchers seeking a broader perspective that connects architectural 

advancements, enabling technologies, organizational behaviors, and business outcomes, all while 

considering emerging governance issues and risks.  

1.2 Problem Statement and Research Questions  

Current research often hones in on individual aspects: microservices patterns, DevOps and delivery 

performance, LLM/RAG architectures, or AI risk management frameworks. This focus has led to three 

main gaps in the enterprise SaaS context:  

1. A comprehensive mapping that links monolithic, cloud-native, and agentic architectures.  

2. A systematic relationship that connects architectural choices, delivery performance, and business 

value in the context of generative AI adoption.  

3. A unified view of implementation challenges and governance requirements for agentic SaaS 

platforms.  

This paper aims to answer the following research questions (RQs):  

RQ1: How have enterprise SaaS architectures progressed from monolithic systems to cloud-native and 

agentic platforms, and what defining technologies characterize each phase?  

RQ2: What distinguishing features exist between these architectural eras regarding business value, 

operational results, and qualitative benefits like agility, innovation capacity, and customer experience?  

RQ3: What challenges and risks emerge when organizations transition to agentic SaaS platforms, and 

what strategies are being developed for mitigation?  

RQ4: What does this evolution mean for practitioners and researchers involved in designing, operating, 

and governing enterprise SaaS in regulated environments or high-stakes situations?  

1.3 Scope and Definitions  

This paper focuses on enterprise-grade SaaS platforms that:  

1. Serve business and institutional clients rather than just consumers.  

2. Operate in multi-tenant or multi-workspace environments with high demands for security, 

compliance, and uptime.  

3. Are transitioning from earlier monolithic and cloud-native architectures to generative AI-driven 

and agentic capabilities.  

Our analysis leans toward architecture and organizational aspects rather than diving into 

algorithms. We are examining how LLMs, RAG frameworks, and agentic components integrate into 

SaaS platforms, without getting into training techniques or technical optimizations.  

Here's a quick overview of the three key terms we use in the subsequent sections:  
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● Monolithic SaaS refers to tightly coupled applications with shared databases and large-scale 

release units.  

● Cloud-native SaaS represents systems based on microservices deployed using containers and 

orchestration platforms, supported by DevOps and observability practices.  

● Agentic SaaS indicates platforms where LLMs, RAG pipelines, and autonomous or 

semiautonomous agents interact with business workflows under specific risk and governance 

controls.  

  

Figure 1. Enterprise SaaS Evolution Framework (Conceptual framework illustrating the 

evolution of enterprise SaaS platforms from monolithic architectures to cloud-native systems and  

agentic platforms, together with associated changes in delivery models, sources of business value, and  

governance structures. The lower panel presents an outcome-driven enterprise architecture model 

linking technical architecture to delivery performance, business outcomes, and governance 

requirements.)  

  

Figure 1 presents the Enterprise SaaS Evolution Framework that integrates architectural change with 

delivery practices, business value creation, and governance structures across the three eras. This 

framework serves as the organizing model for the analysis in the remainder of the paper.  
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1.4 Methodology and Limitations  

This paper employs a narrative synthesis rather than a systematic literature review or empirical 

research. Our goals are:  

● To concentrate on surveys and standards regarding microservices architectures, RAG and 

LLMbased agents, AI risk governance frameworks, and evaluation metrics for language models.  

● To organize previous research around architectural phases, business outcomes, and governance 

themes, providing a conceptual overview rather than exhaustive coverage.  

● To stay aware of industry practices, incorporating examples from reported implementations (like 

in finance, healthcare, and manufacturing) instead of relying solely on primary empirical evidence.  

We are not presenting any new experiments, benchmarks, or vendor-specific case studies; instead, our 

analysis primarily focuses on publicly available existing reports on generative AI deployments, 

recognizing that many implementations remain proprietary. . We processed studies by categorizing 

them thematically based on architectural phase, value aspect, and governance area, synthesizing 

insights through cross-source comparisons to identify patterns and gaps.  

Inclusion criteria focused on peer-reviewed surveys, standards, and studies that address enterprisescale 

systems, governance frameworks, or delivery performance, while excluding primarily promotional 

content such as marketing blogs and vendor-only whitepapers lacking methodological clarity.  

We searched using various keywords, including “enterprise SaaS architecture,” “microservices DevOps,” 

“cloud-native governance,” “retrieval-augmented generation,” “LLM agents,” “AI risk management,” 

and “software delivery performance.”   

This study follows a structured narrative synthesis approach, collecting sources from IEEE Xplore, the 

ACM Digital Library, arXiv, Google Scholar, and official standards bodies like NIST, ISO, and the EU 

Publications Office. Our literature review covers approximately 1998 to 2024, focusing particularly on 

cloud-native systems (2010–2024) and generative AI/agent-based systems (2018–2024).  

1.5 Structure of the Paper  

The subsequent sections are organized as follows: Section 2 reviews the progression of enterprise 

SaaS architecture, from monolithic setups through cloud-native structures to the foundational 

technologies of agentic platforms, such as LLMs, RAG frameworks, and multi-agent systems. Section 3 

investigates the business value and operational implications, addressing quantitative metrics, 

qualitative benefits, implementation challenges, and ethical/security considerations. Section 4 explores 

overarching themes and implications for practitioners and policymakers. Finally, Section 5 

concludes with key findings and future research directions.  
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2. Development of Enterprise SaaS Architecture  

Era  Key Technologies  Primary Business Value  

Monolithic 

SaaS   

(late 1990s–mid 

2010s)  

Centralized multi-tenant 

architecture; shared databases; 

vertical (scale-up) strategies.  

Background contrast vs.  

microservices in surveys: [10].  

Reduced CapEx vs. on-prem; elimination of 

customer-managed infrastructure; 

subscription pricing; benefits and 

constraints discussed in the 

monolith→microservices literature: [10].  

Cloud-Native  

SaaS (mid- 

2010s–early  

2020s)  

Microservices [10]; containers & 

orchestration platforms [10,12]; 

service mesh [12];  

observability/tracing [11]; DevOps 

automation [10].  

Faster, independent service evolution; 

horizontal (scale-out) elasticity; resilience 

via distribution; improved 

deployability/operability [10] with 

observability and traffic-management 

support [11,12].  

Agentic SaaS  

(early 2020s 

onward)  

LLMs; Retrieval-Augmented  

Generation (RAG) frameworks 

[3,4,5]; multi-agent systems and 

coordination patterns [13,14,15]; 

vector search/stores as RAG 

substrate [3,4,5].  

Intelligent automation; contextual 

decisionmaking; natural-language 

interfaces; autonomous or semi-

autonomous workflow execution 

[3,4,5,13,14,15].  

  

Table 1. Evolution of Enterprise SaaS Architectural Paradigms (Synthesis adapted from cloud-

native and generative AI/agent surveys. [3,4,5,10,11,12,13,14,15])  

  

2.1. Monolithic SaaS Era  

Back in the early days of Enterprise SaaS, software was primarily monolithic, operating on centralized 

datacenters run by the providers. This setup had clear benefits compared to traditional on-premises 

software. You did not have to pay a large upfront license fee; instead, organizations just paid a 

subscription. Plus, organizations would not have to deal with much hardware management or 

operations. And additionally, updates could be applied centrally, which simplified things. Still, these 

systems resembled older enterprise applications with closely interconnected codebases, shared 

databases, and bulk release cycles.  
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A typical monolithic SaaS architecture combined most business functions, integration logic, and user 

interfaces into one deployable unit supported by a common relational database. When it came to 

scaling, the strategy leaned heavily towards vertical scaling; providers would enhance a few large 

instances by boosting CPU power, memory, or storage rather than distributing the load across many 

smaller ones. Customization was often limited to configuration options and tenant-specific metadata, 

and if organizations needed more significant changes, organizations often had to tinker with the code 

or deal with complex feature flags, which made maintenance more challenging.  

These characteristics led to some structural drawbacks that became more noticeable as platforms 

grew:  

● Tight coupling and large blast radius: Even minor changes could send shockwaves through 

the system, making extensive regression testing essential and prolonging stabilization periods 

before releases. Issues could impact multiple users simultaneously.  

● Slower delivery and innovation: Treating the application as a single unit meant that teams had 

to sync releases, which slowed down deployment and complicated experimentation with new 

features.  

● Scaling and reliability issues: Vertical scaling hit limitations in practicality and costs, and 

implementing resilience strategies, like fine-grained failover or partial degradation, was difficult in 

a monolithic setup.  

● Poor alignment with business domains: The technical divisions often didn’t align with 

organizational or domain boundaries, complicating the designation of clear ownership and the 

independent evolution of business capabilities.  

These limitations ushered in the cloud-native era. As SaaS providers faced challenges with scaling, 

agility, and reliability in monolithic structures, they began adopting microservices, containerization, 

and programmable infrastructure—an evolution captured in Table 1 and explored further in Section 2.2. 

2.2. Cloud-Native SaaS Era  

The shift from monolithic SaaS to cloud-native was driven primarily by three consistent pressures: the 

need for elastic scaling, rapid and safe implementation of changes, and the goal of isolating failures to 

prevent them from affecting the entire application. Instead of viewing the app as a single deployment 

unit with a shared database, cloud-native SaaS utilizes distributed systems designed to run on standard 

infrastructure, providing continuous delivery and better aligning with business domains. This transition 

also coincided with the maturation of public cloud infrastructure, containerization, and programmable 

operations. [10–12]  

At the infrastructure and platform layer, container runtimes and orchestration frameworks (like 

Kubernetes and its related tools) became standard for packaging and running services. These 

orchestration systems create a control plane for managing scheduling, scaling, and workload 

restoration, following a model where teams describe their desired outcomes, and the platform works to 

deliver on those. Adopting infrastructure as code extends this declarative approach to networks, 

storage, and configurations, promoting repeatability and minimizing configuration drift. Service mesh 

technologies introduce a dedicated layer for traffic and policy management, standardizing service 

discovery, load balancing, retries, timeouts, and mutual TLS across various services. Unified logging, 

metrics, and tracing complete the platform, ensuring visibility across different components.  [10,11,12]  

At the applications and data layer, microservices emerged as the dominant architectural design. 

Instead of one giant codebase, applications are broken down into independently deployable services, 

each associated with a specific business capability. Each service manages its behavior and data, offers 

clear APIs, and communicates via asynchronous messaging or REST/gRPC interfaces. Concepts like 

bounded contexts and domain-driven design help define service boundaries that align with actual 
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business domains instead of arbitrary technical divisions. This modular design reduces implicit 

dependencies, simplifies the choice of different tech stacks when necessary, and allows services to evolve 

at different rates. [10,11,12]  

  

The organizational and delivery layer evolved in parallel. Cloud-native architectures are closely 

tied to DevOps practices, continuous integration and delivery (CI/CD), and site reliability engineering 

(SRE). Cross-functional teams own services from start to finish – covering everything from code to 

production—and are responsible for their availability, performance, and costs. This is supported by 

organizational design theories and Conway’s law, which suggest that software architecture often reflects 

communication structures. [6,10,11] Research indicates that teams with high deployment frequency, 

short lead times, low failure rates, and quick recovery from incidents usually see better organizational 

outcomes. [1] Cloud-native architectures facilitate these performance profiles by decoupling services 

and providing essential platform tools to automate testing, deployment, rollback, and incident 

management.  

However, evolving to cloud-native models introduces new failure modes. With an increasing number of 

services, integration and governance become paramount. Teams need to handle distributed 

transactions without global locks, maintain data consistency under eventual consistency assumptions, 

and accept partial failures as a norm rather than an outlier. On the organizational side, unchecked 

decentralization can lead to “service sprawl,” inconsistent API and observability practices, and 

mismatched tech choices. Successful SaaS providers address these challenges by establishing 

platformwide standards for APIs, observability, and security; creating shared platform services to tackle 

common problems; and clarifying ownership and communication patterns so independent teams can 

work together effectively. [10–12]  

In short, the cloud-native era has shifted us from monolithic SaaS to a three-layer stack: programmable 

infrastructure and traffic management, modular application and data design, plus a working model 

centered around DevOps and SRE. This stack now serves as the foundation for integrating generative 

AI and agentic capabilities.  
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Figure 2. Architectural Evolution of Enterprise SaaS Platforms (Illustrative depiction of the 

transition from monolithic systems to cloud-native and agentic architectures, highlighting increases in  

modularity, operational autonomy, and governance intensity.)  

Figure 2 provides a supporting visualization of architectural progression referenced in Section 2, 

emphasizing the qualitative shift toward modularity, autonomy, and governance intensity. 2.3 Agentic 

SaaS Era  

The emerging “agentic” era builds on cloud-native foundations and introduces a new set of primitives: 

large language models (LLMs) for language-based reasoning and interaction, retrieval-augmented 

generation (RAG) for grounding model outputs in enterprise data, and agent frameworks that wrap 

models in perception – planning – action loops. Together, these technologies enable SaaS platforms to 

move beyond rigid flows and rules, evolving into systems capable of understanding context, suggesting 

actions, and engaging in conversational interactions with users and other services.  

[3,4,5,10,11,12,13,14,15]  

2.3.1. Large Language Models as Enterprise Language Primitives  

LLMs, built on transformer architecture, provide the core “cognitive” capabilities for agentic SaaS [2]. 

Transformers use attention mechanisms to identify long-range dependencies and subtle semantic links 

in text. This allows models to summarize, translate, classify, extract entities, and generate 

domainspecific content from natural language prompts. Unlike older task-specific models, modern 

LLMs can follow instructions and utilize tools, meaning a single model can handle various functions 

through prompts and function-calling interfaces instead of needing separate training for each task. [3]  

In enterprise SaaS, LLMs act as language and reasoning primitives that can be incorporated 

throughout the product:  

● On the front-end, they power conversational interfaces, natural-language searches, and assistive 

writing.  
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● In the middle tier, they handle classification, routing, entity extraction, and policy interpretation 

that earlier relied on rigid rule engines.  

● In the back-end, they aid with document analysis, summarization, and decision support.  

Enterprise-grade use imposes additional constraints: models may need to be isolated per tenant or 

region, operate within certain compliance limits, or be fine-tuned on proprietary data while ensuring 

privacy. This leads to design patterns where LLMs are offered as internal platform services, complete 

with clear SLAs, access controls, and observability, rather than just external API calls. [3,4,5]  

2.3.2. Retrieval-Augmented Generation for Grounded Responses  

Standalone LLMs have limitations due to their static training data and a tendency to “hallucinate” 

plausible but incorrect information. RAG architectures address this by pairing models with retrieval 

over trusted and current knowledge bases. In a typical RAG setup, enterprise documents (like contracts, 

tickets, logs, manuals, and articles) are collected, chunked, and converted into vector embeddings 

stored in a specialized index. When a query is made, it performs a semantic search to find the most 

relevant chunks and delivers them to the LLM as additional context, guiding its output. [3,4,5]  

For enterprise SaaS, RAG plays several roles:  

● Grounding and accuracy: Answers can be directly linked to cited documents, improving factual 

accuracy and enabling users to verify results.  

● Freshness: Updates in policies, pricing, product features, or regulations can go live immediately 

after relevant content is refreshed and re-indexed, without needing to retrain the model.  

● Segmentation and access control: Retrieval layers can maintain tenant isolation, regional 

constraints, and role-based access before any context reaches the model.  

Designing effective RAG systems requires close attention to data quality, chunking strategies, 

embedding/model alignment, and evaluation. Organizations are increasingly viewing RAG as a 

platform capability – with shared pipelines, vector stores, and evaluation tools—that multiple product 

teams can utilize, rather than crafting individual retrieval systems for each case. [3,4,5,16,17,18]  

2.3.3. Agent Frameworks and Orchestration in SaaS Platforms  

Agent frameworks build upon LLMs and RAG by embedding them into specific sense-think-act loops. 

A typical agent collects inputs from its environment (like user messages, events, or documents), consults 

tools or knowledge (via APIs, databases, or RAG), decides on the next action, executes it, and updates 

its internal state. This cycle continues until a stopping point is reached (like completing a workflow, 

escalating to a human, or hitting a policy boundary). [13,14,15]  

In enterprise SaaS, agents typically are not deployed in isolation. Rather, platforms develop multi-agent 

systems where specialized agents tackle narrow tasks – like retrieval, planning, validation, red-teaming, 

or escalation – and are synchronized by an orchestrator. Common patterns include:  

● A planner agent that breaks down a broad goal into specific steps.  

● Worker agents that interact with domain tools (like CRM, ERP, ticketing, signing, or billing).  

● A critic or verifier agent that checks outputs for policy breaches, quality concerns, or security 

issues.  

● An escalation agent that directs complex or high-risk cases to human oversight.  

These setups depend on the underlying cloud-native framework: queues and event buses for 

communication, workflow engines for longer processes, secure tools for sensitive operations, and 

observability mechanisms to track agent activity. Multi-agent architectures also spotlight new 
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operational and governance challenges, such as coordination difficulties, cost management, error 

propagation among agents, and the need for clear policies and audit trails. [7,8,9,13,14,15]  

Reported implementations across various sectors (like financial services, healthcare, and 

manufacturing) reveal a common pattern: integrating LLMs, RAG, and agents into existing workflows 

instead of replacing core systems entirely. Agents enhance decision-making around established systems 

of record, propose actions or drafts, and hand off to humans or traditional automation when 

appropriate. [3,7,8,13] These trends showcase how agentic capabilities can be layered onto cloud-native 

SaaS to deliver value while keeping compliance and operational control in check. The paper further 

discusses these issues in the business-value and risk analysis in Section 3.  

  

3. Business Value and Operational Implications  

3.1. Quantitative Assessment: Efficiency, Scalability, and ROI Metrics  

The evolution of SaaS architecture has continuously brought more business value over the years. At 

first, monolithic platforms helped cut down capital costs when compared to on-premises solutions. 

Then, cloud-native and AI-enhanced systems took things further by adding scalability, making resource 

use more efficient, and bringing in smart automation that boosted performance. Key technical metrics 

– deployment frequency, change lead time, recovery time, and failure rate – directly correlate with 

market responsiveness, reliability, and innovation capacity. Organizations that embrace modern 

architectures are consistently associated with improved outcomes, with leaders pushing out updates 

daily instead of just once a month. These improvements are associated with competitive advantages 

through faster feature delivery and greater market responsiveness. [10,11,12] These metrics – 

deployment frequency, change lead time, time to restore, and change failure rate  – correlate with 

responsiveness and reliability. [1]  

When it comes to scalability, improvements are a substantial benefit for organizations facing growth or 

fluctuating demand patterns. Service-based architectures that use containerization can manage 

increasing transactions without running into operational issues or seeing a drop in performance. This 

kind of flexibility helps with expansion strategies, cutting out the usual constraints of capacity planning. 

How we design our architecture plays a huge role in scaling effectively, with loosely-coupled systems 

adapting much better to varying workloads. Smart organizations consider architecture a strategic 

investment, realizing that any structural limitations can end up being real business barriers.  

When looking into generative AI investments, it’s important to create frameworks that focus on both 

direct costs and the opportunities they can open up, instead of just cutting costs. Studies suggest that 

when organizations target specific processes that have clear potential for value, organizations get better 

outcomes than if organizations just rely on technology without clear goals. The best implementations 

actually work alongside human skills instead of trying to replace them. They take care of routine tasks 

so that specialists can focus on the more complex stuff that needs real judgment. This kind of 

partnership between humans and AI usually gives better returns than fully automated systems or 

sticking to just manual methods. Plus, when evaluating success, we should look at both tangible metrics 

like processing speed and more abstract benefits, like how well decisions are made, how customers feel, 

and the innovation that comes from reducing administrative work. [7,16,17]  

Benefit 

Category  

Measurement Approach  Example Metrics  
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Efficiency  

Gains  

Process time reduction; resource 

optimization; automation rate; software 

delivery performance (DORA family) 

[19]  

Completion time reduction; 

throughput increase; automated-

vsmanual task ratio; deployment 

frequency, lead time for changes, 

change-fail rate, MTTR [19]  

Quality  

Improvement 

s  

Error reduction; consistency and 

decision quality (evaluation protocols, 

factuality/robustness) [16–18]; 

governance-aligned controls [7]  

Defect reduction %; variance 

decrease; decision accuracy uplift; 

factuality/robustness improvements 

per benchmark families (e.g.,  

HELM/MMLU/TruthfulQA)  

[16,17,18]  

Strategic  

Value  

New capability enablement; competitive 

differentiation; organizational 

performance links via delivery 

performance → business outcomes [19]; 

agility/operability from cloud-native 

practices [10,11,12]  

New-product-introduction time; 

customer retention/CSAT 

improvement; innovation-cycle time 

reduction [19]  

  

Table 2. ROI and delivery-outcome framework for generative AI platforms (Original 

synthesis; outcome dimensions/metrics informed by Forsgren et al. [1]; LLM quality anchors from  

HELM/MMLU/TruthfulQA [16–18]; governance framing from NIST AI RMF [4]; agility/operability 

context from cloud-native literature [10–12].).  

3.2. Advantages related to Qualitative Aspects: Agility, Innovation Ability and Customer 

Experience  

When we think about architecture changes, it’s not just about efficiency; it also brings a lot of qualitative 

benefits that can really set a business apart from the competition. A major factor here is organizational 

agility, which is strongly supported by cloud-native designs. These allow companies to respond quickly 

to changes in the market, thanks to their modular components that can adapt as the business needs 

shift. There's evidence linking architectural strategies to overall organizational performance. [10,11,12]  

As companies evolve their architecture, they tend to boost their innovation capabilities, especially with 

the help of AI. [1,3,4,5,10,11,12] Foundation models can really speed up experimentation by removing 

some of those usual engineering hurdles. Research has shown patterns that separate high-impact 

projects from the less successful ones. The most effective companies often form cross-functional teams, 

blending business insight with technical expertise. These teams take the time to get a solid grasp of 

business processes before they implement solutions, ensuring that what they create genuinely addresses 

real issues rather than just showcasing novel technology for its own sake. Centers of excellence are 

crucial here, as they build reusable components and knowledge bases, which not only fuel innovation 

but also save time across teams by avoiding repeated work. [4,7,9,11,16]  

As architecture continues to advance, customer experiences improve gradually. AI tools play a big role 

in this, introducing innovative features like personalized services, proactive support, and more 

userfriendly interfaces. When these features are rolled out across different customer interaction points, 
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they lead to a seamless experience with the brand. Integrated knowledge bases contribute to smoother 

customer journeys, moving away from the disjointed approaches we often see. Research emphasizes the 

need for targeted strategies that focus on specific customer pain points, which means really 

understanding their needs before rolling out solutions. Each tailored solution can provide immediate 

benefits while also building the organization's knowledge for future improvements. By accessing a 

variety of information sources, companies can enhance their services, creating more personalized 

experiences that go beyond the usual generic responses based solely on customer history. [3,4,5]  

3.3. Implementation Challenges: Technical Debt, Skill-set requirements, and Integration 

Complexity  

When it comes to implementing advanced architecture, there are quite a few challenges that need some 

careful thought. A major concern is technical debt, which can make things tricky since organizations 

end up having to balance their short-term needs with long-term objectives. Research suggests that a 

solid architecture is crucial for improving delivery capabilities. When systems aren’t tightly knit, teams 

can work with fewer dependencies, which is a big plus. On the flip side, companies grappling with 

technical debt often face issues like complicated deployments that require manual fixes, struggle to 

maintain oversight over assurance and adoption processes, and they might hesitate to experiment 

because it feels too risky with all those interconnected systems. Addressing technical debt means using 

both tech skills and strategic approaches. You’ve got to figure out which systems to update – this isn’t a 

one-off task – decide which operational processes are worth keeping, and strike a balance between the 

need to deliver right now and the need to evolve services and keep people engaged over time. [7,8,9]  

Then there’s the challenge of skill requirements that come with these advanced architectures. They 

require know-how in diverse areas like distributed systems, cloud infrastructure, and increasingly AI, 

which is often in short supply in traditional tech setups. Studies show that the hunt for the right talent 

is a common struggle, with demand for specialized skills outpacing the available supply. To close these 

skill gaps, successful companies are trying out a few strategies: they might set up dedicated teams that 

work closely with business units, develop internal training programs, and create partnerships with 

others while also building their own capabilities. It’s vital to have specialists team up with domain 

experts because just having technical skills or business savvy isn’t enough for a smooth enterprise AI 

rollout. [3,4,5]  

Lastly, integration complexity can be a real hurdle when transitioning from monolithic systems that 

depend on centralized data to more distributed models where each domain owns its data. Effective 

transformation strategies focus on checking data readiness before jumping into implementation. No 

matter how advanced organizational data modeling techniques are, ensuring quality, accessibility, and 

integration is essential. A connected approach means privacy considerations should be built into design 

decisions from the get-go, rather than trying to slap on controls afterward. Governance frameworks 

ought to become more sophisticated over time; initial controls might be tailored to specific 

implementations but should evolve into broader enterprise controls as the organization gets more 

experience. The best governance frameworks outline clear principles for practice while still allowing 

some flexibility in how they’re applied, which fosters innovation without getting stuck in rigid 

constraints. [7,8,9]  

  

Era  Technical 

Challenges  

Org/Process  

Challenges  

Risk &  

Governance  

Concerns  

Representative  

Mitigations  
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Monolithic  

SaaS  

Tight coupling; 

vertical scaling 

limits; 

coarsegrained 

releases  

Cross-team 

coordination 

bottlenecks; long 

lead times  

Large blast radius 

for 

changes/incidents  

Progressive 

modularization and 

service boundaries; 

CI/CD adoption; 

change isolation [10]  

Cloud-Native  

SaaS  

Service sprawl; 

dependency 

management; 

distributed 

tracing/observabi 

lity; traffic  

management  

SLO/SLA setting 

across many 

services; release 

orchestration; 

oncall complexity  

Fault isolation vs. 

cascading failures;  

config drift  

Containers/orchestrati 

on, DevOps 

automation [10]; 

tracing/analysis [11]; 

service mesh for traffic 

policy, retries, mTLS  

[12]  

Agentic SaaS  

(LLMs, RAG, 

agents)  

Hallucination & 

tool-use errors; 

retrieval quality; 

prompt injection; 

multi-agent 

coordination  

Human-in-theloop 

handoffs; incident 

triage for LLM 

behavior; data 

stewardship  

Safety, security & 

privacy for  

LLM/RAG (PII 

leakage, model 

misuse); 

auditability  

Grounding with RAG & 

evaluations [3–5]; 

agent planning/ 

coordination patterns 

[13–15]; governance 

controls per OWASP 

LLM Top 10 and NIST  

AI RMF / ISO 42001 /  

ISO 23894 [2,7,8,9]  

  

Table 3. Implementation Challenges Across Architectural Evolution  

3.4. Ethical and Security Considerations: Risk Mitigation in Agentic Platforms  

When it comes to autonomous capabilities, this work examines new ethical and security challenges that 

need fresh ways to assess risks and ensure operations are controlled. On the ethics side, things like 

fairness, transparency, how tasks are assigned, and unexpected behaviors come into play. Research is 

showing that we really need a solid value framework that balances delivery performance with system 

reliability. Plus, keeping innovation sustainable means finding a good middle ground between speed 

and control. Some leading organizations are rolling out governance frameworks that include safeguards, 

especially for systems that impact customers or business processes. These frameworks define risk 

categories and set control requirements that fit the context, rather than imposing one-size-fits-all 

restrictions. [7,8,9,13,14,15]  

On the security front, this work examines facing different challenges than in the past. It’s not just about 

the usual protective measures anymore; we also need to think about new attack types, how to safeguard 

data, and the unique vulnerabilities that come with AI systems. Recent items like the OWASP Top 10 

for LLM applications point out common risks – like prompt injection and data exfiltration – that need 

attention along with broader risk management. Research points to security and compliance being a key 

concern, especially in regulated sectors, where specific data management and decision-making 

processes are critical. To succeed, implementations need comprehensive frameworks that set clear 
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boundaries for how AI can operate, adjust controls based on data sensitivity, and keep thorough audit 

trails. Testing things out with pilot implementations helps validate security measures before going 

wider, allowing organizations to build governance step-by-step rather than trying to roll out everything 

at once without real-world experience. [2,7,8,9]  

Privacy considerations are also central, as AI systems rely on handling large volumes of sensitive data. 

A strategic approach here involves cross-functional teams with members from legal, compliance, 

security, and tech. These teams are best positioned to tackle end-to-end governance requirements. By 

working together, privacy issues can influence design choices from the start instead of trying to add 

controls later. Governance frameworks usually evolve through stages, starting with project-specific 

controls and moving to more comprehensive enterprise standards as organizations gain experience. The 

key to effectiveness lies in having clear principles while also allowing some flexibility in how those 

principles are put into practice, so innovation isn’t stifled by overly strict rules that might cut out valid 

use cases. [7,8,9]  

  

4. Discussion  

4.1 Cross-Cutting Themes Across Architectural Eras  

The evolution from monolithic to cloud-native to agentic SaaS reveals several recurring themes:  

● Decoupling of responsibilities: Each era increases modularity—first by separating services and 

data domains, and now by decomposing cognitive capabilities into LLMs, tools, and agents.  

● Tighter coupling of architecture and organization: Microservices and DevOps practices 

align team boundaries with service boundaries; agentic systems similarly require cross-functional 

collaboration among engineering, data science, legal, compliance, and operations.  

● Shift in value creation: The focus moves from cost reduction and infrastructure offload 

(monolithic SaaS), to delivery performance and scalability (cloud-native), and finally to decision 

quality, personalization, and automation (agentic platforms).  

● Rising governance salience: As systems gain autonomy and reach, risk and governance move 

from peripheral concerns to central design drivers.  

  

These themes suggest that agentic SaaS cannot be treated as a purely technical upgrade; it extends the 

same structural trends while raising the stakes for organizational design and governance.  

4.2 Implications for Practitioners  

For practitioners, three implications stand out:  

1. Architecture as strategic leverage: Architectural decisions directly constrain or enable product 

strategy, experimentation velocity, and regulatory posture. Investing in modular service and data 

boundaries, consistent observability, and robust CI/CD is a prerequisite for agentic capabilities 

rather than an optional optimization.  

2. Outcome-oriented generative AI evaluation: generative AI initiatives should be evaluated 

not only on model metrics but on their impact on delivery performance and business outcomes, 

using frameworks such as the ROI and delivery-outcome view presented earlier. This encourages 

prioritization of use cases where automation and decision support measurably improve efficiency, 

quality, or customer experience.  

3. Governance-by-design: Agentic capabilities should be embedded within governance 

structures—risk tiering, human-in-the-loop patterns, auditability, and privacy protections—from 
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the outset. Standards and frameworks such as the NIST AI RMF, ISO/IEC 42001, ISO/IEC 23894, 

and domain-specific regulations can be used to guide design choices rather than as after-the-fact 

compliance checks [7–9].  

4.3 Implications for Policy and Standardization  

Regulators and standards bodies are increasingly shaping the constraints and incentives under which 

Enterprise SaaS operates. The emergence of comprehensive AI regulations (for example, the EU AI Act 

[5]) and management-system standards reflects recognition that generative AI and agentic platforms 

affect not just technical risk but also economic, social, and ethical outcomes [1,7,8,9].  

For policy makers and standardization bodies, the architectural perspective in this paper underscores 

the need to:  

● Recognize that risk profiles vary by architectural era and component (e.g., monolithic vs. 

microservices vs. agents with external tools).  

● Encourage proportional, context-sensitive controls that scale with system impact, allowing 

innovation while containing systemic risk.  

● Support interoperable assurance practices (auditing, evaluation, incident reporting) that can 

be applied consistently across heterogeneous SaaS ecosystems and supply chains.  

  

5. Conclusion and Future Research Directions  

This exploration has tracked the journey of Enterprise SaaS from monolithic architectures to distributed 

cloud-native setups and now to new agentic platforms that run on generative AI. Each stage of 

development tackled its own set of challenges while adding new features that change how businesses 

get value from their tech investments.  

What stands out in this progression are some consistent patterns: more independence among 

components, parallel changes in organizations, and a shift from just cutting costs to creating 

competitive advantages. Evidence from surveys and industry studies associates modern architectures 

with improvements in deployment speed, modification lead times, and service dependability, directly 

affecting business outcomes, like how quickly companies can respond to market changes and adapt to 

different environments.  

For practitioners, these insights suggest that we should see architectural development as a form of 

organizational transformation, not just a tech upgrade. Implementing these changes effectively requires 

multidisciplinary teams with clear roles, a gradual transition plan that balances stability with progress, 

and management structures that allow for quick responses while also managing risks appropriately.  

Researchers have several key areas to explore, like:  

● Looking into how technical design and organizational structure influence each other.  

● Developing assessment methods that capture immediate value and the longer-term impacts.  

● Finding control mechanisms for increasingly autonomous systems that strike a balance between 

encouraging innovation and maintaining oversight.  

Developing trends in governing autonomous platforms include approaches to risk that adjust how much 

control is exercised based on potential impacts, systems for ongoing monitoring that work alongside 

regular reviews, and interpretable AI methods that make it easier to oversee complex systems. Plus, 

incorporating ethical frameworks is becoming vital as organizations face important questions around 

how systems should behave and how responsibilities should be shared.  
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There are still some knowledge gaps to address, like rapidly advancing technologies that quickly outdate 

research findings, restricted access to proprietary implementations, and a lack of long-term insights 

from early generative AI deployments in business settings.  

Future research should focus on creating comprehensive assessment frameworks for generative AI 

implementations, long-term studies on how systems evolve, the organizational changes needed for 

effective deployment, and understanding the ecosystem relationships among interconnected platforms. 

These areas will be crucial for both advancing theory and applying it practically as organizations move 

toward more intelligent, semi-autonomous enterprise systems.  

Glossary of Key Terms  

Agentic SaaS: Enterprise software platforms where agents, fueled by large language models (LLMs), 

get directly involved in various business processes. They operate through cycles of perception, planning, 

and action, all while being monitored for safety.  

Large Language Model (LLM): A type of neural language model, typically based on transformers, 

trained on extensive text datasets. These models can handle tasks such as generating text, summarizing 

information, classifying data, extracting insights, and even reasoning through problems.  

Retrieval-Augmented Generation (RAG): A design pattern in which LLMs pull in relevant 

documents or information from a company during the inference stage and incorporate that knowledge 

into their output. The idea is to boost factual accuracy, keep the content fresh, and ensure everything is 

traceable.  

Autonomous Agent: A computing system that observes its environment, makes decisions based on 

reasoning or planning, performs tasks using various tools or services, and changes its behavior 

depending on the feedback it gets.  

Cloud-Native Architecture: A microservices-based design deployed on containers and orchestration 

platforms with service mesh, observability, and CI/CD automation.  

Governance-by-Design: A system design approach in which compliance, risk management, safety 

controls, and audit mechanisms are embedded into the architecture from the beginning, rather than 

trying to enforce these aspects after the system is already up and running.  

Software Delivery Performance: A set of metrics that usually track how often deployments occur, 

the time taken to implement changes, the failure rate during those changes, and the time needed to 

restore services (often referred to as DevOps Research and Assessment (DORA) metrics).  

  

References  

[1] N. Forsgren, J. Humble, and G. Kim, Accelerate: The Science of Lean Software and DevOps— 

Building and Scaling High Performing Technology Organizations. Portland, OR, USA: IT 

Revolution Press, 2018, doi: 10.5555/3235404.  

[2] A. Vaswani et al., “Attention is all you need,” in Advances in Neural Information Processing 

Systems 30 (NeurIPS 2017), Long Beach, CA, USA, Dec. 2017, pp. 5998–6008, doi: 

10.48550/arXiv.1706.03762.  

[3] T. B. Brown et al., “Language models are few-shot learners,” in Advances in Neural Information 

Processing Systems 33 (NeurIPS 2020), Vancouver, BC, Canada, 2020, pp. 1877–1901, doi: 

10.48550/arXiv.2005.14165.  



Journal of Information Systems Engineering and Management    
2025, 10(62s) e-ISSN: 
2468-4376  

https://jisem-journal.com/  Research Article    

  

1213  
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited.  

[4] National Institute of Standards and Technology, Artificial Intelligence Risk Management  

Framework (AI RMF 1.0), NIST AI 100-1, Gaithersburg, MD, USA, 2023, doi: 10.6028/NIST.AI.100-1.  

[5] European Parliament and Council of the European Union, “Regulation (EU) 2024/1689 of the 

European Parliament and of the Council of 13 June 2024 laying down harmonised rules on artificial 

intelligence (Artificial Intelligence Act),” Official Journal of the European Union, vol. L, Jul. 12, 

2024.  

[6] OWASP Foundation, OWASP Top 10 for Large Language Model Applications, Version 1.1, 2025. 

[Online]. Available: https://owasp.org/www-project-top-10-for-large-language-model-

applications/  

[7] P. Lewis et al., “Retrieval-augmented generation for knowledge-intensive NLP tasks,” in Advances 

in Neural Information Processing Systems 33 (NeurIPS 2020), 2020, pp. 9459–9474, doi: 

10.48550/arXiv.2005.11401.  

[8] Y. Huang and J. X. Huang, “A survey on retrieval-augmented text generation for large language 

models,” Computing Research Repository (CoRR), vol. abs/2404.10981, 2024, doi: 

10.48550/arXiv.2404.10981.  

[9] W. Fan et al., “A survey on RAG meeting LLMs: Towards retrieval-augmented large language 

models,” in Proceedings of the 30th ACM SIGKDD Conference on Knowledge Discovery and Data 

Mining (KDD), Barcelona, Spain, Aug. 2024, doi: 10.1145/3637528.3671470.  

[10] M. E. Conway, “How do committees invent?” Datamation, vol. 14, no. 4, pp. 28–31, Apr. 1968.  

[11] ISO/IEC 42001:2023 — Information Technology — Artificial Intelligence — Management System 

Requirements. Geneva, Switzerland: International Organization for Standardization, 2023.  

[12] ISO/IEC 23894:2023 — Information Technology — Artificial Intelligence — Guidance on Risk 

Management. Geneva, Switzerland: International Organization for Standardization, 2023.  

[13] V. Velepucha and P. Flores, “A survey on microservices architecture: Principles, patterns and 

migration challenges,” IEEE Access, vol. 11, pp. 88339–88358, 2023, doi:  

10.1109/ACCESS.2023.3305687.  

[14] B. Li et al., “Enjoy your observability: An industrial survey of microservice tracing and analysis,” 

Empirical Software Engineering, vol. 27, no. 1, p. 25, Jan. 2022, doi: 10.1007/s10664-021-10063-

9.  

[15] Y. Elkhatib and J. Povedano Poyato, “An evaluation of service mesh frameworks for edge systems,” 

in Proceedings of the 6th International Workshop on Edge Systems, Analytics and Networking 

(EdgeSys), Rome, Italy, May 2023, pp. 19–24, doi: 10.1145/3578354.3592867.  

[16] L. Wang et al., “A survey on large language model based autonomous agents,” Computing Research 

Repository (CoRR), vol. abs/2308.11432, rev. 2024, doi: 10.48550/arXiv.2308.11432.  

[17] S. Yao et al., “ReAct: Synergizing reasoning and acting in language models,” in Proceedings of the  

International  Conference  on  Learning  Representations  (ICLR),  2023,  doi:  

10.48550/arXiv.2210.03629.  

[18] Q. Wu et al., “AutoGen: Enabling next-generation LLM applications via multi-agent conversation,”  



Journal of Information Systems Engineering and Management    
2025, 10(62s) e-ISSN: 
2468-4376  

https://jisem-journal.com/  Research Article    

  

1214  
Copyright © 2025 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited.  

Computing  Research  Repository  (CoRR),  vol.  abs/2308.08155,  2023,  doi:  

10.48550/arXiv.2308.08155.  

[19] P. Liang et al., “Holistic evaluation of language models,” Computing Research Repository (CoRR), 

vol. abs/2211.09110, 2022, doi: 10.48550/arXiv.2211.09110.  

[20] D. Hendrycks et al., “Measuring massive multitask language understanding,” in Proceedings of the  

International  Conference  on  Learning  Representations  (ICLR),  2021,  doi:  

10.48550/arXiv.2009.03300.  

[21] S. Lin, J. Hilton, and O. Evans, “TruthfulQA: Measuring how models mimic human falsehoods,” in 

Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (ACL), 

Dublin, Ireland, May 2022, pp. 3214–3252, doi: 10.18653/v1/2022.acl-long.229.  

  


