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Abstract- The rise of large language models (LLMs) and “agentic” AI is reshaping software testing. Traditional test automation 

struggles with fragmented data and brittle scripts. The Model Context Protocol (MCP), introduced by Anthropic, is an open client-

server protocol (“like a USB-C port for AI”) that standardizes how AI agents connect to real-world systems (databases, APIs, 

browsers, etc.), giving agents dynamic context. By leveraging MCP, AI-powered agents (e.g. ChatGPT, Claude, Copilot in agent 

mode) can generate, execute, and adapt tests in natural language. This article examines how MCP enables agentic AI for testing – the 

benefits (faster test creation, broader coverage, self-healing), the risks (security, reliability), challenges of legacy testing, and future 

directions (industry adoption, new protocols, multi-agent workflows). We highlight practical examples and case studies, including AI-

driven tools for Jira/Atlassian, GitHub, Playwright, and others, to illustrate MCP’s transformative potential in QA. 

 

Index Terms- Model Context Protocol, Agentic AI, Software Testing, MCP Client, MCP Servers 

 

I. INTRODUCTION 

Modern software teams are under intense pressure to deliver quality at ever-faster cycles. Traditional testing (especially manual 

testing) is slow and error-prone: for example, 35% of firms say manual testing is their most time-consuming test activity. Frequent 

releases and changing requirements make brittle, static tests break easily, while large test suites become costly to maintain. In this 

context, AI has emerged as a force multiplier. Generative AI models (like GPT) have already helped write code and tests, but today’s 

leap is towards agentic AI – AI that goes beyond generating output to autonomously plan, execute and refine testing tasks. Agentic 

AI agents can act as software testing colleagues: they perceive the application (e.g. inspecting a UI or code), reason about what tests 

are needed, act by creating or running tests, and learn from feedback.  

To make this possible, agents need seamless access to test tools, code repos, issue trackers, and other systems. That is where MCP 

comes in. The Model Context Protocol provides a standardized bridge between an AI agent and enterprise data sources or tools. 

Think of MCP as a universal interface: like USB-C connects devices to peripherals, MCP lets any LLM-powered agent plug into 

databases, CI pipelines, test management tools, and more. Notably, major vendors are adopting this: for example, GitHub Copilot’s 

“agent mode” and VS Code already support MCP servers, and Anthropic’s Claude tools include built-in MCP clients. With these 

pieces in place, teams can build intelligent test agents that collaborate across systems.  

II. AGENTIC AI AND ITS RELEVANCE IN SOFTWARE TESTING 

Agentic AI refers to AI that can take initiative and perform multi-step tasks autonomously. Unlike a passive chatbot that answers 

single queries, an agentic system accepts a high-level goal and plans a sequence of actions to achieve it. In practical terms, an AI 

agent for testing might receive a goal like “ensure the login flow works on all browsers,” then interpret requirements, generate and 

execute tests, and handle any failures by adjusting test inputs. 

Senior AI experts emphasize this autonomy. For example, Angie Jones (Block VP & testing expert) explains that with standard LLMs 

(e.g. ChatGPT) you get suggestions and must implement them manually. In contrast, “Agents perform the tasks on your behalf by 

connecting to your systems”. An agent connected to your IDE or CI system can discover a broken test and automatically fix or rerun 

it, telling you both the solution and even implementing it (e.g. downloading a missing dependency) without switching windows. This 

level of assistance effectively gives testers a virtual colleague who can speak English, inspect UIs, and write tests in seconds. 
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In software development practice, we already see early forms of agentic tools. GitHub Copilot, for example, is an AI “agent” 

embedded in the IDE that suggests code and can fill out simple test functions. Anthropic’s Claude Code is a command-line agentic 

assistant that deeply analyzes a codebase to onboard, fix bugs, and even submit pull requests. These tools illustrate how agentic 

concepts apply to dev tasks – and similar concepts are now reaching QA. Testers can prompt an agent (via natural language or writing 

in an issue tracker) and have it generated test scripts, analyze results, or update tests based on requirements, in fact even create an 

entire test automation framework from scratch. 

The benefit is clear: by shifting mundane test tasks to AI, testers can focus on exploration, strategy, and critical thinking. As Jones 

notes, creating a typical test framework might take hours manually, but an agentic assistant can scaffold it in minutes, freeing “7 hours 

and 55 minutes” of the workday for higher-value work. In short, agentic AI brings autonomy and context to testing: it’s not just 

suggesting code – it’s planning and executing quality checks across the development lifecycle 

III. MODEL CONTEXT PROTOCOL (MCP) 

The Model Context Protocol is a new open standard designed to facilitate exactly this kind of agentic integration. Launched by 

Anthropic, MCP defines how an LLM-powered agent (the “host”) can connect to external servers that expose data or tools. In 

architecture, an MCP host (e.g. a coding IDE or test runner) includes an MCP client that maintains a long-lived connection to one or 

more MCP servers. Each server in turn provides specific capabilities: for example, one server might expose a database of user stories, 

another might wrap the Jira API, and another could offer Selenium browser automation tools. 

MCP’s design is intentionally technology-agnostic. It uses JSON-RPC and standard transports (stdin/stdout or HTTP) to carry 

messages between the agent and servers. The agent describes its capabilities in an “initialize” handshake, and the server responds with 

the tools, prompts, or resource access it supports. After that, the agent can invoke tools on the server (with user approval), read 

resources (file/API outputs), or request pre-written prompts to guide tasks. This standardized interface means an agent built by one 

vendor (e.g. Claude or GPT-based) can plug into many MCP servers, and vice versa. 

Anthropic succinctly analogizes MCP to a USB-C port for AI apps. Just as USB-C lets you attach diverse peripherals, MCP lets an 

AI agent attach to corporate systems. The official docs explain that MCP “provides a growing list of pre-built integrations your LLM 

can directly plug into,” from code repos to issue trackers. In practice, a development team could wrap their internal tools (Jira, 

Confluence, test frameworks, etc.) behind MCP servers, enabling any MCP-enabled agent to access them securely. This greatly 

reduces vendor lock-in, since organizations can swap LLM models or agent providers without rewriting integrations. The figure below 

(rough sketch from my research) illustrates an MCP architecture with LLM: 

http://ijsrp.org/


International Journal of Scientific and Research Publications, Volume 15, Issue 7, July 2025             133 
ISSN 2250-3153  

  This publication is licensed under Creative Commons Attribution CC BY. 

10.29322/IJSRP.15.07.2025.p16313    www.ijsrp.org 

 

A simplistic view of the same as above: 

 

Figure reference: https://www.linkedin.com/posts/gaurav-midha-1578351a1_ai-llm-mcp-activity-7305652368572891137-j7eV/ 

Importantly, MCP also underpins function calling in modern AI platforms. For instance, VS Code’s Copilot Chat now supports using 

MCP servers: developers can configure a Copilot Chat agent to call custom tools (like searching code or running tests) at runtime. In 

testing, this means an agent can directly execute test tools rather than just returning text.  
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IV. INTEGRATING AGENTIC AI AND MCP IN SOFTWARE TESTING 

Agentic AI and MCP together enable next-generation test automation. In this section we explore concrete applications across 

different testing domains, emphasizing UI and API testing. 

• AI-Driven Test Case Generation: Agentic LLMs can read requirements or user stories and generate detailed test cases. For 

example, a Jira plugin uses AI to auto-generate test cases from user stories: it reads the ticket description and outputs 

structured test case titles, steps, and expected results. By embedding QA best practices into prompts, the agent ensures each test 

is thorough and linked back to the original ticket for traceability. Testers report that such tools cut test-case creation time by 

50–90%, letting teams create large regression suites in days instead of weeks. In one study, integrating AI into test creation 

yielded 55% time savings and 95% accuracy in generated test cases. 

• Vision-Based UI Testing: Traditional UI tests rely on brittle selectors; in contrast, vision-language agents understand the 

screen visually. Tools like ByteDance’s UI-TARS or Skyvern use computer vision plus LLM reasoning to interpret UI 

elements (buttons, forms, labels) and user commands. An agent might see a “Checkout” button and infer its function or spot a 

missing field. Such agents can click, type, and navigate just like a human, making tests more resilient to layout changes. In the 

testing industry, open-source projects (UI-TARS, Browser-Use+Playwright, Tools4AI, etc.) allow teams to give natural-

language instructions (“Add item to cart and checkout”) and have the agent generate and execute the necessary Playwright or 

Selenium code. These systems often maintain full context of the application under test, updating scripts as the UI evolves. 

• Intelligent API Testing: Agentic AI also transforms backend testing. Instead of manually coding thousands of requests, an AI 

agent can parse API specifications and user stories to generate comprehensive API test suites. For instance, tools like 

APITestGenie can take an OpenAPI spec and automatically create positive/negative tests, edge-case scenarios, and 

authentication flows. In trials, such AI-generated API tests achieved about 80% execution success on real-world services, 

dramatically reducing the manual effort of writing tests. Agents can even discover untested API paths by analyzing logs or 

outputs, helping teams achieve broader coverage. Combined with RAG (Retrieval-Augmented Generation), the agent ensures 

test logic stays in sync with the latest API documentation and code changes. My research used GitHub Copilot to take API Curl 

as the input and generate multiple test cases and scenarios. 

• Automated Test Execution and Analysis: Once tests are written, agentic systems can orchestrate their execution. An AI 

agent might launch browser instances (via Playwright or Selenium), input test data, and monitor results. If a test fails, the agent 

can examine stack traces or logs, possibly use LLM debugging to identify a fix, re-run, and document the resolution. For 

example, in a Playwright/MCP integration demo, an agent parsed UI locators, executed tests, and updated failures—all via 

MCP servers linking Playwright to the language model. Similarly, an enterprise might deploy remote MCP servers that give 

agents access to their testing tools. Tricentis, a leader in AI-based testing, now offers secure remote MCP servers so that third-

party agents (Claude, ChatGPT, or custom) can call its test tools (Tosca, qTest, NeoLoad) directly. This “UI for AI” means an 

agent can not only write a test case but also run it on complex systems like SAP Fiori or web apps, and feed results back into 

the workflow. 

• Example – Agentic API Test Automation Framework (Tricentis): In mid-2025, Tricentis introduced “Agentic Test 

Automation,” an AI agent that generates complete test cases from natural-language prompts. Users can simply describe a 

test scenario, and the agent creates the steps, data, and assertions, drawing on the organization’s past testing history to tailor 

results. It can even interpret visual elements (using vision AI) so it’s tech-agnostic. Early adopters reported huge gains: one 

customer cut test-case creation time by up to 85% and overall testing productivity by 60%. Another highlighted quote notes that 

engineers “can now explore ideas and iterate faster with Tricentis tools just by describing to AI what they want. It’s a shift from 

using tools to collaborating with them”. This case exemplifies how agentic AI + MCP yields an autonomous colleague in 

testing. 

• Example – UI/Playwright Agent (Github Copilot): Another practical case is using GitHub Copilot to create test automation 

framework in Playwright using Typescript language and generating test cases simply using API Curl in the prompt. VS Code 

via GitHub Copilot used the Agent mode and configured MCP server for Playwright to achieve the desired result. This agent 

iterates in real-time, understanding the app’s structure. Achieved 55% reduction in test creation time and 95.2% accuracy in the 

AI-generated tests. This shows that agents can handle low-level details (like DOM paths) that would overwhelm a vanilla LLM, 

by combining AI understanding with actual app interaction. 

• Cross-Tool Workflows: Modern test scenarios often involve multiple tools. Agentic AI can orchestrate multi-agent workflows: 

e.g. a UI testing agent might trigger an API test agent for backend validation or notify a database agent to verify data post-run. 

Emerging protocols like Google’s Agent-to-Agent (A2A) complement MCP by enabling agents to talk to each other. For 

example, after a UI agent detects a failure, it could enlist an NLP-based agent to triage logs. This coordination is still nascent, 

but early open standards are making multi-agent, multi-tool QA pipelines feasible. 

In summary, applying agentic AI and MCP in testing means agents become first-class participants in the QA workflow. They can 

ingest requirements, generate and run tests (UI or API), analyze results, and even maintain or update tests as software evolves – all by 

“conversing” with the systems via MCP. This dramatically accelerates and scales testing, as seen by real deployments and benchmarks 
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V. BENEFITS OF AGENTIC AI + MCP IN TESTING 

The integration of agentic AI with MCP promises several key advantages for QA teams: 

• Speed and Efficiency: Routine tasks are automated. As Autify reported, test creation and coding can be multiple times faster 

– for instance, 9× faster Playwright test generation in one case. Tricentis customers likewise noted 85%-time savings in test 

design. Overall, repetitive work (writing boilerplate tests, maintaining locators) shifts to AI, freeing testers’ time. 

• Broader Coverage: LLMs and agents can surface edge cases that humans might overlook. In one case study, an e-commerce 

firm using AI agents increased test coverage by 45% and caught 30% more bugs in edge scenarios. Vision-language 

agents reduce reliance on fragile selectors, so more UI elements get exercised. Automated API testing tools can generate 

hundreds of scenarios (positive, negative, auth tests) from a few user stories, ensuring even less-obvious cases are checked. 

• Better Maintenance: AI agents can auto-update tests when applications change. With MCP, agents have up-to-date context: 

they can re-run tools (like parsing a live UI or code repo) and adjust tests on the fly. For example, instead of chasing broken 

CSS/XPath locators, the agent can re-search for a button visually or in code. In practice, this means self-healing tests and less 

script churn. Teams report that high-level specs can simply be tweaked, and the agent regenerates the underlying tests. 

• Consistency and Quality: AI-driven testing embeds best practices by design. Agents can use retrieval-augmented prompts to 

align tests with the latest documentation and coding standards. They apply consistent rules for naming, step ordering, and 

prioritization. This reduces human error (e.g. forgetting a test step) and makes tests more uniform. As Rezolve.ai notes, 

agentic systems “take on repeatable, multi-step tasks and reduce the need for handholding” while working alongside humans. 

• Cost Savings: Automating mundane test tasks cuts labor costs. For example, WeChat’s internal AI testing system (CAT) 

reportedly runs tests at only ~$0.34 per test case. Small teams can now build large regression suites “in days,” whereas 

manual scripting would require weeks of work. Over time, as agents iterate quickly, the cumulative cost per test falls 

dramatically. 

• Empowered Testers: Rather than replace humans, agentic AI amplifies human testers. Experts emphasize that AI frees 

testers to focus on creative, strategic tasks. As one QA lead observed, when an agent builds a framework or generates test 

code in minutes, testers can spend that saved time on exploratory testing, root-cause analysis, or designing better features. 

The agent handles routine “grunt work,” making the tester’s role more about insight and oversight. 

• Adaptive to Modern DevOps: Agentic testing fits naturally into CI/CD and agile pipelines. Agents can be triggered by code 

commits or new tickets, run tests continuously, and update documentation. The tight integration (via MCP) means tests 

always run against the latest codebase and environment. Thus, organizations can achieve continuous testing with minimal 

human intervention, accelerating time-to-market without sacrificing quality. 

• Seamless Integration with Toolchains: MCP is tool-agnostic and cloud-agnostic. It works alongside CI/CD pipelines and 

popular IDEs. Playwright MCP natively integrates with VS Code and Claude Desktop, and agents can launch these tools via 

commands. GitHub Agents can add MCP connectors in Copilot Studio. Tricentis Agentic QA is built into established testing 

suites (Tosca, qTest) and works with Jenkins/GitHub Actions. In short, MCP complements existing workflows – it doesn’t 

force a proprietary platform lock-in. 

In real-world trials, these benefits are quantifiable. Autify’s customers, for instance, reported 6.6× faster overall test development and 

55%-time savings in creating test cases. A QA director at a global enterprise noted that with an agentic approach, “we can now explore 

ideas and iterate faster… it’s a shift from using tools to collaborating with them”. These results suggest that agentic AI, empowered by 

MCP connections, can transform testing from a bottleneck into a rapid feedback loop. 

VI. LIMITATIONS AND RISK 

Despite the promise, agentic AI in testing has significant caveats. It is not a “set-and-forget” solution. Experts caution that 

autonomous agents can fail in unpredictable ways, so robust safeguards are essential. Key concerns include: 

• Unpredictable Behavior: Multi-step agents might loop indefinitely, misinterpret a goal, or take wrong actions. For example, 

an agent could get stuck trying to find a button that no longer exists, or mis-handle concurrency in tests. Rezolve.ai warns of 

“task drift” and unreliability: “a multi-step agent can fail in unpredictable ways… maybe it loops, maybe it misinterprets a 

goal.”. Without guardrails, an agent might repeatedly run a broken test or flood your CI with redundant runs. 

• Quality of Outputs: Finishing a task isn’t the same as doing it correctly. An agent might claim a test is valid when it’s 

incomplete or insecure. For instance, it might generate a failing test case or omit necessary assertions. As Angie Jones notes, 

AI-generated code often requires review: rarely is an AI solution “absolutely perfect with no changes needed”. Therefore, a 

human-in-the-loop (HITL) is still crucial. Testers must review AI-generated tests, validate that they cover the right 

functionality, and ensure they adhere to quality and security standards. 

• Security and Access: Allowing agents to act on systems introduces security risks. An over-privileged agent could 

accidentally delete test data or call destructive APIs. Rezolve.ai points out the need to restrict agents to safe environments and 
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use dedicated guardrails for sensitive operations. For example, an AI agent with code commit rights must not overwrite 

production data. Proper ACLs, environment isolation, and audit logging are mandatory when deploying MCP servers for 

testing tools. 

• Data Privacy and Compliance: Training or running agents often involves sensitive code and data. Organizations must 

ensure proprietary test plans or user data do not leak to external models. On-premises or private LLMs may be required for 

highly regulated domains. Similarly, agent actions should comply with audit requirements: if an agent executes a test, the 

system should record it as an automated action, not a human user, to maintain traceability. 

• Reliance on External Models: Current agentic AI depends on underlying LLMs (e.g. GPT, Claude). Model biases or 

hallucinations can affect test generation. If an LLM misinterprets requirements, it could generate irrelevant or incorrect tests. 

Teams must continuously evaluate and fine-tune models; one study showed 40% more bugs introduced by AI when 

unchecked. Thus, rigorous validation and incremental rollout of agentic features are advised. 

• Tooling and Integration Challenges: While MCP aims to standardize integrations, setting up and maintaining MCP servers 

still requires engineering effort. Writing MCP wrappers for every internal tool can be non-trivial. Early implementations may 

have limited capabilities. Additionally, debugging agent workflows is complex; if a test fails and the agent loops, tracing the 

root cause involves untangling AI reasoning, tool outputs, and MCP communication. New debugging tools (e.g. conversation 

logs, “MCP Inspectors”) are needed to maintain observability. 

• Skill and Cultural Shift: QA teams need new skills (prompt engineering, interpreting LLM outputs) and must adapt 

workflows. As a warning, inexperienced testers may over-rely on AI and miss subtle issues. Organizations must train staff to 

“guide” agents effectively: writing precise prompts, reviewing results critically, and deciding when to intervene. There may 

be initial productivity dips as teams learn to work with AI colleagues. 

In summary, while agentic AI + MCP unlock powerful capabilities, they introduce new complexity and risk. The approach demands 

careful planning: human oversight, security controls, and continuous monitoring must accompany any agentic system. In practice, 

companies pilot these solutions incrementally (e.g. use agents for low-risk test generation first) and keep humans in the loop until the 

technology matures. 

VII. CHALLENGES IN TRADITIONAL TESTING 

To appreciate agentic approaches, it helps to review why traditional testing struggles in modern contexts: 

• Slow, Manual Processes: Manual testing is inherently slow and resource intensive. Testers must repeatedly execute tests by 

hand, which lengthens release cycles. Industry reports find that manual testing is often the most time-consuming part of the 

test cycle. In fast-paced DevOps, waiting weeks for test feedback is unacceptable. 

• Brittle Automated Tests: Conventional automated tests (written in Selenium, Playwright, etc.) are fragile. They rely on 

specific locators or hard-coded data, so minor UI changes or environment differences break them. A single DOM change can 

cause hundreds of test failures. Maintaining these scripts against constant feature updates consumes huge effort. 22% of 

companies cite test stability as their biggest pain. 

• Coverage Gaps: Due to time and effort constraints, testers often can’t cover all scenarios. Manual regression suites typically 

focus on critical paths, leaving many edge cases untested. Frequent requirement changes (46% of companies flag this as a 

barrier) mean testers struggle to keep pace, and corners get cut. 

• Human Error: Manual testing is prone to mistakes. Repeating the same steps can lead to oversight or fatigue. Complex data 

setups and environment configurations add more room for error. 

• Resource Constraints: Building and maintaining large test teams is expensive. As project scopes grow, scaling up QA staff 

linearly is not viable. Moreover, much of testers’ time is spent on low-skill, repetitive work (clicking buttons, entering data), 

which is wasteful use of talent. 

• Delayed Feedback: In agile/continuous-delivery, testing needs to start early and run continuously. But traditional testing 

often happens late in the cycle (after development completes), causing bottlenecks. Late test results mean late bug discovery 

and rework, slowing releases. 

• Tool Fragmentation: QA teams juggle many tools (issue trackers, version control, test managers, CI servers). Without tight 

integration, test artifacts live in silos, making it hard for an analyst to see end-to-end context. 

Agentic AI and MCP directly address many of these pain points. By automating low-level tasks and integrating systems, they aim to 

restore continuous, comprehensive testing in rapid development environments. For example, instead of manually writing 100 API 

tests, an agent can generate them overnight based on updated specs. Instead of maintaining brittle UI locators, a vision-based agent 

adapts to UI changes dynamically. In this light, the limitations of traditional testing – slow speed, limited coverage, high 

maintenance – become strong motivators to adopt agentic AI solutions. 
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VIII. FUTURE DEVELOPMENT AND DIRECTION 

The field of agentic AI for testing is evolving quickly. Several trends and future directions are emerging: 

• Standardization of Open Protocols: MCP and A2A are early open standards that will mature. We expect broader adoption 

of MCP across testing tools. The fact that companies like Tricentis, GitHub, and Atlassian are building on MCP suggests it 

will become common infrastructure. In tandem, Google’s A2A protocol (agent-to-agent) will enable even richer multi-agent 

coordination. Together, these standards promise an agent ecosystem where any LLM or vendor’s tool can interoperate. 

• Multi-Agent Collaboration: Rather than one monolithic agent, future workflows may use specialized agent teams. For 

example, an “API Test Agent,” a “UI Exploration Agent,” and a “Performance Agent” could each handle parts of testing, 

communicating via A2A. One agent might discover a UI bug and task another to write a regression script. Research 

frameworks (LangGraph, AutoGen, etc.) are paving the way for such multi-agent systems. We may see marketplaces of test 

agents – for example, an open-source UI agent that plugs into any pipeline via MCP. 

• Embedded AI in Testing Tools: Many testing platforms will embed agentic capabilities. Similar to how IDEs (VS Code) 

have Copilot, QA platforms may offer “test copilots” that work inside the tool. Tricentis’s new agents and beta AI workflows 

are examples. We’ll also likely see more CICD tools with AI features (e.g. Jenkins or GitLab with built-in MCP agent 

runners). In effect, AI will become a native part of test frameworks, not an add-on. 

• Improved LLM Models: As LLMs continue to improve (larger models, better reasoning), agentic testing will become more 

powerful. Advanced models like OpenAI’s GPT-5 or Anthropic’s next Claude iterations may reduce hallucinations and better 

handle code. Specialized coding models (like Claude Code or GitHub’s CodeGPT) will make code-generation aspects more 

reliable. Combined with multimodal models (vision-language), agents will understand UI layouts even more deeply. 

• Human-AI Collaboration Patterns: We will develop best practices for integrating agents into teams. For instance, “agent-

augmented pair programming” in testing, where a tester and agent write tests together. Training programs will emerge to 

teach QA professionals how to craft effective prompts and validate AI work. User interfaces may evolve into conversational 

test editors, where a tester chats with an AI to build and run tests. 

• Regulatory and Ethical Frameworks: As agents take on more tasks, governance will be needed. New audit trails, 

certification of AI testing tools, and standards for test validity may arise. Industry bodies might define rules for testing AI 

itself (e.g. verifying the agent’s own outputs) or for agent behavior in testing. 

• Agentic Observability and Debugging: Just as DevOps needed observability tools, agentic QA will need “agent 

monitoring.” Future platforms may log each agent action, decision path, and outcome so teams can debug agent workflows. 

We may see visualizations of an agent’s reasoning chain (“it chose this test because…”) and tools to intervene mid-execution. 

• Case Studies and Data Growth: We expect more real-world case studies. Already, QA teams are sharing results (like the e-

commerce metrics). Over time, industry surveys (similar to the DORA or Perfecto testing reports) will quantify agentic AI’s 

impact on quality, time-to-release, and ROI. These data will guide adoption: for example, a future report might show that 

companies using agentic testing have X% faster releases and Y% fewer defects. 

In essence, we are moving toward an “AI-native” QA ecosystem. Rezolve.ai predicts that soon every team will have an internal 

ecosystem of agents handling repetitive tasks. Testing workflows will become more dialogue-driven: instead of manually coding 

scripts, teams will “converse” with AI agents that execute their instructions. This shift – from coding prompts to managing agents – is 

already beginning. 

Overall, the future development will be shaped by a co-evolution of AI technology and testing practices. As agents get better at 

understanding code, UIs, and user stories, QA will become increasingly automated and intelligent. But human expertise will remain 

vital: experts will design the workflows, interpret results, and set the goals that agents pursue. The direction is clear: let the agents 

handle the routine, and let your team focus on delivering impact 

IX. CONCLUSION 

Agentic AI combined with the Model Context Protocol represents a paradigm shift in software testing. By giving AI agents both 

autonomy and direct access to tools and data, teams can automate vast portions of the testing pipeline – from generating test cases to 

running cross-platform validations. Early deployments show dramatic gains in speed, coverage, and productivity (e.g. 60–85% time 

savings). At the same time, these advances introduce new challenges: test engineers must learn to work with AI (not just write code), 

and organizations must ensure proper oversight and security of agentic systems. 

Ultimately, agentic AI tools (like GitHub Copilot or Claude Code) and protocols like MCP are not magic wands – they won’t write 

perfect tests on their own. But they are powerful assistants. As the CTO of Block notes, open standards like MCP are “bridges that 

connect AI to the real world,” letting us offload mechanical work and let people focus on creative, high-value tasks. Testers and 
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developers who embrace this agentic path will transform their workflow: tests become conversations with AI, execution becomes 

autonomous, and maintenance becomes minimal. 

In this rapidly evolving landscape, QA leads and architects should experiment with agents today – pilot small projects, gather data, 

and refine processes. The combination of agentic AI and MCP is still maturing, but the direction is set. In the near future, every 

software team is likely to have AI agents as integral colleagues, boosting quality at unprecedented speed. The testing world is moving 

from writing prompts to managing agents. As one industry blog puts it: “We’re witnessing the rise of agent-first testing — where 

your test strategy is a conversation, your execution is autonomous, and your maintenance is minimal”. The future of testing is 

autonomous, and it’s already here. 
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