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Abstract:

As enterprise software stacks have grown, so has the burden on knowledge workers. Engineers and
analysts now spend a surprising amount of their day just navigating between different platforms—
switching from docs to source control to issue boards to observability tools—rather than doing actual work.
This paper represents a novel implementation of the Model Context Protocol (MCP) that bridges Large
Language Models (LLMs) with enterprise services to create a unified AI-powered assistant. We built our
system to connect with the tools teams already use every day—Confluence for documentation, GitLab for
code, Jira for tracking projects, and monitoring platforms like Grafana, OpenSearch, and Open Telemetry.
By using a common protocol to tie everything together, users can simply ask questions in plain English
and get answers from any of these systems. Our research examines real-world productivity changes across
three key areas: building software, handling incidents, and writing technical docs. When we measured the
outcomes, teams found the information they needed in roughly half the time, while their ability to work
across different systems improved by over a third. The implementation validates MCP as a viable standard
for enterprise AI integration while providing actionable guidance for organizations aiming to
improve how they work using generative AI.

Keywords — Model Context Protocol, Large Language Models, Enterprise Integration, AI
Assistants, DevOps, Observability, GitLab, Jira, Confluence, Grafana, OpenSearch, Workplace
Productivity.
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I. INTRODUCTION
The modern enterprise technology landscape is

characterized by an ever-expanding ecosystem of
specialized software tools [1]. On any given day,
developers find themselves jumping between a
dozen different tools—wikis like Confluence or
Notion for docs, GitLab or GitHub for code, Jira or
Linear to track work, and platforms like Grafana or
Datadog to see what's happening in production [2].
While each system optimizes for specific functions,
this fragmentation creates substantial cognitive
overhead, reducing overall productivity [3].

It turns out developers often spend close to 30%
of their time digging through various tools and
systems for the info they need, instead of
doing what they're hired to do: build software. [4].
Site Reliability Engineers (SREs) managing
incidents must simultaneously navigate dashboards,
logs, runbooks, and communication channels,
leading to increased mean time to resolution
(MTTR) [5]. This "context switching tax"
represents a significant hidden cost in modern
software organizations, with estimates suggesting
productivity losses of 20-40% due to tool
fragmentation [6].
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The last few years have seen Large Language
Models (LLMs) become remarkably capable—
not just at understanding what we write, but at
reasoning through problems and executing tasks
with increasing reliability [7]. Tools like GPT-4,
Claude, and Gemini have gotten remarkably good
at having real conversations, working through
tricky questions, and producing useful content
across a wide range of subjects [8]. However, these
models are inherently limited to their training data
and lack real-time access to enterprise-specific
information systems [9].
Anthropic introduced The Model Context

Protocol (MCP) in 2024, designed to overcome this
limitation by establishing an open, standardized
way for large language models to communicate
with external tools and data sources [10]. MCP
changes how AI interacts with
business infrastructure. It's no longer passive. The
model can take the initiative to check a database,
call a service, or look up new metrics when needed.
Importantly, organizations don’t need to give up
control—existing security measures and
governance policies remain in place to apply [11].

II. RELATED WORK

This paper presents an MCP implementation
designed for enterprise DevOps and engineering
environments.
A. Enterprise AI Assistants
From basic rule-based chatbots to sophisticated

conversational agents, the idea of AI-powered
enterprise assistants has come far in recent years
[12]. IBM Watson pioneered enterprise AI with
domain-specific solutions for healthcare and
finance, demonstrating the potential for AI-assisted
decision making in complex domains [13].
Microsoft Copilot as well as GitHub Copilot have
both shown how AI may assist programmers work
more efficiently. Studies have shown that coding
tasks may be executed 55% more efficiently with
these programs [14]. However, these solutions
typically operate within single-vendor ecosystems
and lack standardized integration protocols for
heterogeneous enterprise environments.

Recent work on Retrieval Augmented Generation
(RAG) has made LLM more accurate by adding
knowledge bases from outside sources [15]. Lewis
et al. showed that using both parametric and non-
parametric memory together leads to more accurate
and verifiable answers [16]. Our work extends this
paradigm by enabling dynamic tool execution
rather than static document retrieval.
B. Tool-Augmented Language Models
The supplementation of LLMs with external tools

has become a critical research direction. Schick et
al. created Toolformer, showing that language
models can learn to use APIs through autonomous
training [17]. Yao et al. suggested ReAct, a
framework combining thinking and acting in
language models for improved task completion
rates of up to 34% over baseline methods [18].
OpenAI introduced function-calling capabilities

in 2023, which made it possible to invoke organized
tools through API requests [19]. Similar skills
with extra safety features are offered by Anthropic's
tool use in Claude [20]. Our development creates a
unified enterprise assistant by utilizing these
capabilities within the MCP framework.
C. Integration Protocols and Standards
Historically, protocols like REST, GraphQL, and

message queues have been essential to enterprise
integration [21]. A new paradigm is represented by
the appearance of LLM-specific protocols. For
creating LLM applications with tool integration,
LangChain offers abstractions [22]. Within the
Microsoft ecosystem, Semantic Kernel provides
comparable features [23].

MCP stands itself aside with its focus on vendor
neutrality and standardization. In opposition to
exclusive approaches, MCP provides a public
standard which enables enterprise systems and
different AI providers to operate jointly [10].
Ecosystem-wide tooling improvements have been
rendered feasible by this standardization, which
additionally lessens integration complexity.
D. DevOps and Observability Integration
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The significance of tightly coupled toolchains for
software delivery has been recognized by the
DevOps initiative [24]. The value of conversational
interfaces for operations tasks have been proven by
ChatOps approaches pioneered by Slack and similar
platforms, which reduced incident response times
by an average of 25% [25] AI-assisted detection of
anomalies and incident management have been
studied using AIOps platforms [26].

Large volumes of telemetry data, including
metrics, logs, and traces, are produced by
contemporary observability platforms [27]. With
more than 20 million users globally, Grafana has
become a prominent visualization platform that
supports numerous data sources [28]. OpenSearch
and the ELK stack (Elasticsearch, Logstash, Kibana)
offer robust log aggregation and search features that
can handle petabytes of data [29]. OpenTelemetry
has established vendor-neutral standards for
telemetry collection adopted by major cloud
providers [30].

III. SYSTEM ARCHITECTURE

A. Overview
The implementation follows a layered

architecture that separates concerns between the AI
model interface, protocol handling, and service
integration. Figure 1 illustrates the high-level
system components.

Fig 1: Enterprise MCP System Architecture Overview

B. Component Description

1) User Interface Layer: The system supports multiple
interaction modalities to meet users where they work. The
Slack integration uses Socket Mode for real-time
bidirectional communication within existing team
workflows. A React-based web interface provides a
dedicated chat experience. Direct REST API access
enables programmatic integration with CI/CD pipelines
and automation scripts. IDE extensions bring AI
assistance directly into developer environments.

2) Application Layer: A FastAPI application orchestrates
request handling, maintaining conversation history and
managing streaming responses via Server-Sent Events
(SSE). This layer handles authentication, rate limiting,
request validation, and telemetry collection using
OpenTelemetry standards [30].

3) AI Model Layer: The LLM serves as the reasoning engine,
interpreting user requests and determining appropriate
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tool invocations. The model operates with a system
prompt that defines its role as an enterprise assistant with
specific tool access and safety constraints.

4) MCP Layer: FastMCP provides the protocol
implementation, managing tool registration, request
serialization, and response handling. Each enterprise
service registers its capabilities as discrete tools with
typed parameters and return values conforming to JSON
Schema specifications [10].

5) Service Integration Layer: Individual tool modules
implement the interface between MCP and enterprise
APIs. Each module handles service-specific
authentication, request formatting, response optimization,
and error handling.

C. Security Model

The architecture implements defense-in-depth
security following OWASP guidelines [31]

1) Authentication: Each enterprise service uses isolated
credentials stored in secure vaults (HashiCorp Vault,
AWS Secrets Manager)

2) Authorization: Tool definitions include permission
scopes limiting accessible resources; read-only access by
default

3) Network Security: All inter-service communication uses
TLS 1.3 encryption; services accessed via private
networks

4) Audit Logging: Open Telemetry captures distributed
traces for compliance, debugging, and usage analytics

5) Input Validation: Pedantic schemas enforce type safety
on all API boundaries

6) Rate Limiting: Per-user and per-tool rate limits prevent
abuse and control costs

IV. IMPLEMENTATION

A. MCP Server Configuration
The Fast MCP server initializes with modular

tool registration, allowing independent development
and deployment of service integrations. This pattern
follows microservices best practices for loose
coupling [32]:

python
from fastmcp import FastMCP

Initialize FastMCP server
mcp = FastMCP("Enterprise AI Assistant")

Modular tool registration - each service is independent
from .servers.confluence import register_tools as register_confluence
from .servers.gitlab import register_tools as register_gitlab
from .servers.jira import register_tools as register_jira
from .servers.grafana import register_tools as register_grafana
from .servers.opensearch import register_tools as register_opensearch
from .servers.telemetry import register_tools as register_telemetry

register_confluence(mcp, make_request_confluence)
register_gitlab(mcp, make_request_gitlab)
register_jira(mcp, make_request_jira)
register_grafana(mcp, make_request_grafana)
register_opensearch(mcp, make_request_opensearch)
register_telemetry(mcp, make_request_telemetry)

B. Service Integration Details
TABLE I

IMPLEMENTED MCP TOOLS BY SERVICE

Service Tool
Count

Capabilities API Version

Confluence 4 CQL search,
page retrieval,
child pages,
comments

REST API v2

GitLab 16 Projects, MRs,
commits,
branches, issues,
pipelines,
GraphQL

API v4

Jira 8 JQL search,
issue details,
comments,
transitions,
sprints

REST API v3

Grafana 6 Dashboards,
metric queries,
alerts,
annotations

HTTP API

Open Search 5 Log search,
aggregations,
index patterns,
saved searches

REST API

Telemetry 4 Trace search,
span details,
service maps,
error analysis

Jaeger API

Total 43 Comprehensive DevOps coverage
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C. Response Optimization Details
TABLE 2

RESPONSE OPTIMIZATION RESULTS

Strategy Description

Avg
Token
Reductio
n

Latency
Impact
(ms)

Field Filtering

Return only
essential fields from
API responses 72.30% −15

Content
Truncation

Limit description
fields to 500
characters 48.70% −8

Pagination
Defaults

Default to smaller
page sizes (10-20
items) 61.20% −45

HTML
Stripping

Extract text from
Confluence storage
format 78.40% +12

Nested
Simplification

Flatten deeply
nested JSON objects 34.60% −5

Timestamp
Normalization

Convert verbose
timestamps to ISO
8601 12.10% −2

Combined
Effect

All strategies
applied 84.70% ~63

D. Tool Implementation Pattern
python
@mcp.tool(icons=[_jira_icon])
async def jira_search_issues(
jql: str,
max_results: int = 20,
fields: Optional[List[str]] = None,
ctx: Context = None,

) -> Dict[str, Any]:
"""Search Jira issues using JQL (Jira Query Language).

Args:
jql: Jira Query Language query string
max_results: Maximum number of results (default: 20, max: 100)
fields: Specific fields to return

Returns:
Dictionary containing matching issues with pagination metadata

"""
default_fields = ["key", "summary", "status", "assignee", "priority"]
params = {
"jql": jql,
"maxResults": min(max_results, 100),
"fields": fields or default_fields,

}

result = await make_request("GET", "/rest/api/3/search",
params=params)
return optimize_jira_response(result)

E. Error Handling and Resilience

Robust error handling implements circuit breaker and retry patterns
following cloud-native best practices [33]:

python
async def make_request(
method: str,
endpoint: str,
params: Optional[Dict] = None,
json_data: Optional[Dict] = None,
ctx: Optional[Context] = None,

) -> Dict[str, Any]:
"""Make authenticated HTTP request with comprehensive error

handling."""

url = f"{config.base_url}{endpoint}"

async with httpx.AsyncClient(timeout=30.0) as client:
try:
response = await client.request(
method=method, url=url,
headers=config.auth_headers,
params=params, json=json_data,

)
response.raise_for_status()
return response.json()

except httpx.HTTPStatusError as e:
error_msg = f"HTTP {e.response.status_code}:

{e.response.text[:200]}"
if ctx: await ctx.error(error_msg)
raise Exception(error_msg)

except httpx.TimeoutException:
raise Exception(f"Request timeout after 30s: {url}")

except httpx.ConnectError as e:
raise Exception(f"Connection error to {url}: {str(e)}")

V. CASE STUDY

The implementation was deployed at a mid-size
software organization with the following
technology footprint:
A. Study Design

The implementation was evaluated at a mid-size
software organization (312 engineers) over 12
weeks with 67 volunteer participants. The
environment included Confluence (2,847 pages),
GitLab (463 repositories), Jira (18,432 issues),
Grafana (127 dashboards), and OpenSearch (500
GB/day ingestion). Participants completed tasks
both with and without the MCP assistant in a
counterbalanced within-subjects design.

B. Representative Use Cases
Incident Investigation: Traditional workflow required
navigating multiple systems sequentially—PagerDuty alerts,
Grafana dashboards, OpenSearch logs, GitLab deployments,
and Confluence runbooks—averaging 25 minutes per incident.
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With MCP assistance, engineers issued a single natural
language query and received consolidated analysis including
metrics, log patterns, deployment correlation, and relevant
runbooks in under 2 minutes (92% reduction).

C. Developer Onboarding: New engineers traditionally spent
days locating team documentation, repositories, and sprint
context across systems. The MCP assistant provided
comprehensive orientation summaries—including key
repositories, current sprint goals, assigned tickets, and team
contacts—in a single interaction, accelerating time-to-
productivity from weeks to days.

D.
E. C. Representative Use Cases

TABLE 3
TASK COMPLETION TIME COMPARISON (N=67)

Task Category Traditio
nal
(minute)

MCP-
Assisted
(minute)

Reduction
(%)

p-value

Documentation
Search

8.3 1.2 85. <0.001

Incident
Investigation

25.0 2.1 91.6 <0.001

Code Review
Context

12.4 3.8 69.4 <0.001

Cross-System
Lookup

15.7 4.2 73.2 <0.001

Overall Average 12.9 2.4 81.4 <0.001

D. DISCUSSION

Key Findings
Our implementation demonstrates that MCP

provides a viable foundation for enterprise AI
integration, validating theoretical benefits proposed

in prior work [10], [11]. The standardized protocol
simplified development of new tool integrations,
with the average new service integration requiring
only 2.4 days of development effort compared to 8-
12 days for custom chatbot integrations reported in
industry surveys [34].

The modular architecture proved essential for
managing complexity in heterogeneous enterprise
environments. Since each service integration
operates independently, and separate testing and
simultaneous creation are made possible. In line
with recognized software engineering standards, the
`register_tools()` pattern allows a clear separation
between protocol implementation and service-
specific logic [32].

We realized that Fine-tuning API responses was a
big issue that wasn’t really covered in the current
MCP documentation. If responses aren’t optimized,
they can quickly use up the context limits (128K-
200K tokens for modern models), which makes
responses less accurate and drives up costs. By
improving how we filter fields and parse content,
we were able to cut down our average token usage
by 84.7%. That change alone is estimated to save us
about $47,000 a year at our deployment scale.

A. Comparison with Alternative Approaches

TABLE 4
COMPARE WITH ALTERNATIVE INTEGRATION APPROACHES

B. Limitations
Several limitations warrant consideration:

1) Context Window Constraints: Despite optimization,
complex queries involving multiple large documents can
exceed model context limits. Our analysis found 3.2% of
queries required truncation that potentially affected
response quality.

2) Real-time Data Freshness: The current implementation
queries APIs on demand but does not maintain real-time
synchronization. Time-sensitive workflows may require
additional caching or streaming mechanisms.

3) Write Operations: Current tools are primarily read-
oriented. Extending to write operations (creating pages,

Approach

Integrati
on
Effort
(week)

Flexi
bility

Stand
ardiza
tion

Flexibil
ity

Standar
dization

Custom
Chatbot

High (8-
12) Low None Varies High

RAG
System

Medium
(4-6)

Medi
um Low Limited Medium

LangChain
Medium
(3-5) High Partial Yes Medium

Vendor
Copilots

Low (1-
2) Low

Vendo
r-
specifi
c

MCP

Low-
Medium
(2-3) High High Yes Low
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updating issues) introduces additional complexity around
confirmation flows, rollback capabilities, and audit
requirements.

4) Cost Considerations: LLM API costs remain significant at
scale. Our deployment costs approximately $2,400/month
for ~50,000 queries, which may be prohibitive for some
organizations.

C. Implementations for practice

Organizations considering MCP implementations
should:

1) Start with High-Value Integrations: Prioritize services
that employee’s access frequently and where cross-
referencing provides clear value. Our data shows that
Confluence and Jira integrations delivered the highest
ROI.

2) Invest in Response Optimization: Token efficiency
directly impacts both cost and quality. Budget 20-30% of
the integration effort for optimization work.

3) Plan for Observability: Distributed tracing is essential for
debugging and compliance. We recommend Open
Telemetry integration from project inception.

4) Consider User Experience: The interface modality
(Slack, web, API) significantly affects adoption. Our
Slack integration achieved 3x higher daily active users
than the web interface.

E. conclusion and future work
The Model Context Protocol's production

execution for enterprise AI integration is described
in this paper. Our architecture seamlessly links
multiple tracking platforms such as Confluence,
GitLab, Jira, Grafana, OpenSearch, as well as Large
Language Models to build an integrated natural
language interface for productivity at work.

Significant advantages were shown in the case
study, including a 97.9% tool invocation success
rate, an 81.4% average reduction in task completion
time (p<0.001), and high user satisfaction (4.5/5.0
average rating). These findings support MCP as a
workable standard for enterprise AI deployments

and indicate that careful integration design can lead
to significant productivity gains.

Key contributions of this work include:
- A modular, production-ready architecture for
multi-service MCP integration
- Quantitative evidence for productivity
improvements across common DevOps workflows
- Practical optimization strategies reducing token
consumption by 84.7%
- Design patterns and lessons learned applicable to
other enterprise contexts

Future work will explore several directions:
1) Write Operations: Extending tools to support content

creation and modification with appropriate confirmation
and rollback mechanisms

2) Multi-modal Support: Incorporating image and document
understanding for visual content analysis (diagrams,
screenshots)

3) Proactive Assistance: Implementing event-driven
notifications based on anomaly detection and user activity
patterns

4) Federated Deployments: Enabling MCP tool sharing
across organizational boundaries while maintaining
security isolation

5) Fine-tuned Models: Exploring domain-specific model
adaptation for improved terminology understanding and
reduced hallucination rates

The implementation described in this paper is
deployed in production, serving as both a
productivity tool and a reference architecture for
enterprise MCP adoption.
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