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ABSTRACT
Today's CSM is no longer about relying on that manual account monitoring or that reactive customer engagement—it has become a proactive, data-
powered discipline, all thanks to data analytics. However, current customer success applications are limited by static dashboards, pre-written queries and 
report templates, and an inflexible reporting infrastructure that does not support the ad hoc, dynamic, and multi-dimensional analytics required by today’s 
customer success professionals. Such legacy systems require trained personnel to derive actionable insights, which can lead to bottlenecks that delay crucial 
decisions and hinder organizational agility. As enterprise customer portfolios become increasingly complex, and the pressure to decrease churn increases, 
the urgency to have systems that make customer insights accessible to all, with real-time interventions becoming the norm, is ever higher.

In this paper, we present the development of a new Agentic AI framework for a Natural Language Query (NLQ) Interface for intelligent customer success 
management. The software allows business users to conduct "big data" analysis and create reports from corporate data stores using natural language, Enter 
Works said. In addition, with the deployment of a simplified 3-agent architecture (i.e., Query Processing Agent QPA, Data Integration Agent (DIA), and 
Response Generation Agent RGA), the architecture eliminates the need for humans-in-the-loop. It allows for more or less translation-based, application-
independent data integration and response generation. Agents collaborate to handle multi-turn dialogues, disambiguate ambiguous user inputs, access 
pertinent data across customer relationship management (CRM) systems and file-based systems, and produce executive-quality analytic outputs, such as 
sentiment insights, risk scores, ARR trends, and proactive recommendations.

Leveraging a domain-adapted transformer-based NLP pipeline, the system attains 94.7% query accuracy and 96.5% precision in entity recognition on 
customer profile queries, revenue forecasts, and risk assessments. Sentiment analysis capabilities include multi-channel communication such as emails, 
meeting transcripts, and support interactions, which enable the real-time detection of dissatisfaction or renewal risk with more than 94% accuracy. 
Experimental deployment in real enterprise environments in healthcare SaaS and financial services—handling more than 2,300 natural-language queries 
from 423 customers and $21M ARR—leads to substantial operational benefits. Notably, the NLQ system decreased the average query response time by 
99.7%, increased the number of queries answered per user-hour by 484%, and reduced the time to generate reports from hours to minutes. In the same 
breath, support dependency was reduced by more than 90%, while proactive customer interventions increased by 45%, resulting in an annual ROI of over 
$1.56M across both environments.

This paper also provides an achievable and scalable architecture to integrate conversational AI into enterprise-level CSM practices. Unlike other NLP 
platforms that exist today, our domain-specific approach combines CRM metadata, financial KPIs, engagement metrics, and sentiment signals in a unified, 
user-friendly interface, enabling business users at all levels to succeed with minimal instructional support or training. Compared to the uncomplicated 
agentic model, the simplified agentic model also enhances the practicality of implementation without compromising the integrity of the analysis. Future 
work is discussed next, including cross-domain adaptation, multimodal input processing (e.g., voice queries), explainable AI functionalities for customer 
insights, and federated learning that ensures enterprise data privacy requirements. By addressing the chasm between data complexity, user-friendly 
analytical capabilities, and access, this work paves the way for an entirely new class of intelligent, agentic business intelligence systems specifically designed 
for customer success management in the age of conversational computing.

Keywords: Agentic AI, Natural Language Query, Conversational 
Analytics, Customer Success Management, Sentiment Analysis, 
Autonomous Agents, Executive Reporting, CRM Integration, 
Business Intelligence, AI-Driven Decision Support.

Introduction
In today's ultra-competitive SaaS and subscription environment, 
Customer Success Management (CSM) has evolved from 
a support-driven, reactive role into a proactive, data-focused 
methodology that plays a crucial part in helping reduce churn, 
increase customer lifetime value (CLV), and maximize account 
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retention over time. The role of CSM has since evolved into action-
packed and increasingly dynamic tasks, including tracking trends 
in Annual Recurring Revenue (ARR), predicting customer churn 
risk, calculating health scores, parsing feedback by sentiment, and 
compiling summary reports on strategy for executive stakeholders. 
However, the systems that most customer success teams use have 
not been able to keep up with this evolution. They are stuck with 
static dashboards, a lack of filtering, and a technically complex 
query paradigm that requires users to know SQL or wait for 
business intelligence (BI) teams to perform ad hoc analysis.

However, existing customer success platforms, including those 
built on top of leading CRM vendors, have been developed around 
inflexible user interface paradigms that are not as user-intuitive for 
the typical CSM. They fall short in enabling contextual decision-
making and ad-hoc, multi-variate analysis of customer data in real-
time. For example, identifying customers in an industry segment 
where usage is declining, sentiment is negative, and a renewal 
is due soon requires completing worksheets and reviewing all 
relevant systems. This is a barrier to intervening promptly and to 
customer churn. As customer portfolios grow in size and diversity, 
the asymmetry between what is required and what is available 
in real-time becomes a distinct impediment to effective account 
management.

Developments in conversational AI and natural language processing 
(NLP) have also led to innovation in Natural Language Query 
(NLQ) interfaces, which enable users to interact with structured 
and semi-structured data using natural language instructions. 
On the other hand, NLQ interfaces have restricted applications 
in customer success due to customer-specific data domain, 
sentiment analysis, and report-level findings from extracted 
documents, which have actionable implications. This gap creates 
an opportunity for agentic AI. The concepts in agentic AI involve 
intelligent agents collaborating to accomplish complex tasks, such 
as natural language understanding, retrieving contextually related 
data, and even composing analytical responses.

In this paper, we present a new NLQ interface model based on a 
dedicated three-agent architecture designed for customer success 
management. The system should be able to answer questions like, 
“Who are the customers in financial services that had decreasing 
ARR and negative sentiment for the past quarter?” or “Produce a 
side by side of churn risk, broken down by vertical,” without users 
having to be fluent in dropdown navigation, query construction, or 
disjointed dashboard exploration. Our methodology combines live 
CRM system data with contextually relevant document analysis, 
predictive modeling, and sentiment analytics, providing business 
users with a comprehensive conversational platform that enables 
them to glean actionable strategic insights in minutes.

By implementing and comparing such an architecture across 
two enterprise settings, this research confirms that an integrated 
NLQ platform infused with agentic intelligence significantly 
enhances user productivity, data access, and customer success. 
This paper presents the architecture, methodology, evaluation 
metrics, experimental results, and business impact, along with 
insights into future adoption, associated with conversational 
business intelligence systems in enterprise ecosystems.

Literature Review
Over the last decade, numerous changes have occurred in Customer 
Success Management (CSM), from manual account tracking to 
strategic, data-driven decision-making. This transformation has 
occurred in parallel with the rise of artificial intelligence (AI) - 

especially in the fields of multi-agent systems (MAS), natural 
language processing (NLP), and conversational analytics. This 
section outlines four key lines of research that have informed the 
development of an agentic AI-powered natural language query 
(NLQ) system for CSM: traditional CSM methodologies, multi-
agent architectures, natural language query systems, and enterprise 
conversational AI.

Evolution of Customer Success Management 
The field of customer success emerged as a strategic function 
with the rise of SaaS and subscription-based business models, 
emphasizing customer retention, renewal, and expansion over one-
time transactions. Foundational work by Lincoln Murphy and Dan 
Steinman emphasized the importance of proactive engagement, 
customer health scoring, and lifecycle management. These models 
laid the groundwork for current practices but were initially manual 
and reactive in nature. As digital platforms expanded, research 
began to explore predictive models for churn detection and usage-
based engagement, incorporating elements of machine learning 
to automate risk scoring and suggest targeted interventions [1-5].

Despite progress, most customer success operations still depend 
on manually maintained dashboards and periodic reports. These 
mechanisms lack the agility to respond to real-time changes in 
customer behavior or sentiment, leading to missed intervention 
opportunities. A systematic review by Chen et al. highlights 
the growing disparity between the available customer data and 
the decision-making capabilities of CSM professionals using 
traditional tools [6].

Multi-Agent Systems in Enterprise Contexts
The foundational theory of Multi-Agent Systems (MAS) was 
established by Wooldridge and Jennings, who defined agents 
as autonomous entities capable of independent actions and 
collaboration within a shared environment. MAS has since been 
successfully applied to domains like supply chain logistics, 
financial trading, and resource allocation in distributed systems. 
In these domains, MAS supports decentralized decision-making, 
adaptive problem-solving, and real-time data synchronization 
[7-11].

While MAS has proven beneficial in complex enterprise workflows, 
limited research has explored its application within customer-
facing functions like CSM. Recent studies have advocated for 
agent-based architectures in business domains, citing their ability 
to distribute specialized tasks such as data extraction, analytics, 
and response generation [12-13]. This paper extends this approach 
by proposing a simplified three-agent architecture—comprising 
a Query Processing Agent (QPA), Data Integration Agent (DIA), 
and Response Generation Agent (RGA)—to streamline query 
interpretation, data processing, and output synthesis for customer 
success operations.

Natural Language Query Interfaces in Business Intelligence
Natural Language Query (NLQ) systems enable users to interact 
with data through conversational commands, bypassing traditional 
query languages such as SQL. Early systems focused on keyword 
search and simple Q&A functions, but recent research has shifted 
toward semantic parsing, contextual understanding, and support 
for multi-turn dialogues. Zhang et al. demonstrated the feasibility 
of NLQ in enterprise financial analytics, reporting an accuracy 
of over 89% in generating structured queries. However, their 
approach was limited by schema rigidity and lack of domain-
specific sentiment modeling, both of which are crucial for customer 
success use cases [14-18].
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Liu and Chen proposed an NLQ interface for CRM data access 
but found that users still required significant training to formulate 
effective queries [19]. More advanced systems integrate context-
aware refinement and query suggestions, but these are often not 
customized for the operational workflows and terminologies 
of CSM professionals. This limitation highlights the need for 
domain-specific language models and adaptive interfaces that can 
understand, interpret, and respond to nuanced customer success 
queries [20].

Conversational AI in Enterprise Workflows
Conversational AI has matured significantly with the introduction 
of transformer-based models, enabling the development of 
natural and context-rich dialogue systems [21]. Applications now 
extend to IT support, internal business analytics, and automated 
customer service. However, deploying these systems in operational 
environments remains challenging due to concerns over accuracy, 
ambiguity handling, and integration with enterprise systems.

Recent surveys and technical studies emphasize the critical roles 
of intent recognition, entity extraction, and conversational context 
management. For example, Severyn and Moschitti explored intent 
recognition models in enterprise dialogue systems, highlighting 
challenges in disambiguation and personalization. This paper 
addresses these challenges by introducing a fine-tuned language 
model specifically trained on customer success documentation, 
which enables high-accuracy intent recognition across 15 query 
categories, including ARR trends, sentiment analysis, and churn 
risk evaluation [22-24].

Overall, while substantial advancements have occurred across 
individual research domains, few solutions offer an integrated 
framework optimized for the unique demands of customer success 
management. This paper addresses this gap by synthesizing 
agentic AI, NLQ systems, sentiment analysis, and enterprise data 
integration into a unified solution that enables intuitive, real-time, 
and domain-specific analytics for CSM professionals.

Methodology
This study is based on the development of an agentic AI model 
tailored to the domain-specific needs of CSM. The methodology 
underpinning SHOCK combines a three-agent architecture of 
natural language processing, real-time data integration, and 
intelligent response generation. Specifically, this module design 
guarantees flexibility, scalability, and deployability in real enterprise 
scenarios. The method further comprises a domain-specific natural 
language pipeline, sentiment-aware analytics, and dual-source data 
integration, which are tailored to handle complex customer success 
questions and queries and respond to and analyze them effectively.

The system architecture consists of three specialized agents: 
the Query Processing Agent (QPA), the Data Integration Agent 
(DIA), and the Response Generation Agent (RGA). The agents 
are autonomous but cooperate using lightweight communications. 
Incoming user queries are passed to the QPA, where the semantic 
parsing, intent identification, entity extraction, and conversational 
context are stored. This agent is driven by a custom transformer-
based language model fine-tuned on CSM-specific terms and 
questions. 15 intents, such as customer profile search, ARR ratio 
analysis, adverse churn prediction, confidence prediction, and 
customizable report generation. The QPA also has multi-turn 
conversation capability, which can track conversational history 
and resolve follow-up references, allowing users to have continuous 
and context-aware interactions [25-30].

After a query is parsed and classified, DIA accesses and verifies 
the desired data on integrated enterprise systems. This consists 
of structured data (CRM metadata, financials, interaction logs, 
usage patterns) in addition to unstructured content from file 
systems (contracts, meeting minutes, compliance documents). 
The DIA utilizes real-time API connectors and secure file parsers to 
aggregate and normalize data into consistent data sets, regardless 
of the data source. It validates content through multiple sources 
and caches content that is more likely to be accessed, thereby 
reducing response time. Such an agent bridges the gap between 
structured and unstructured data stores, enabling the most complete 
and precise inputs for the subsequent stage in the pipeline.

The RGA stores results as actionable data. Finally, depending on 
the question type, it produces detailed reports, visual dashboards, 
executive summaries, and sentiment analytics. This agent can be 
multi-modal and can personalize its responses, taking into account 
the user's role and profile. For example, if you ask about churn 
risk by region, you get a head-to-head comparison with customer 
segments, sentiment trends, predictive scores, and visualization. 
The agent also generates visualized story interpretations alongside 
the data, allowing lay users to obtain real-time insights. This 
component, responsible for narrative generation, utilizes rule-
based and statistical models to ensure neutrality, accuracy, and 
contextual relevance.

The natural language processing pipeline is the backbone of 
the system's performance. A domain-tuned transformer model, 
pretrained on tens of thousands of customer success documents 
and interactions, leads to high accuracy in both intent detection 
and entity recognition. It is based on semantics and contextual 
inference, enabling it to process ambiguous questions and update 
the reference accordingly based on the dialogue history. The 
system maintains context between sessions and can seamlessly 
continue broken interactions.

The approach incorporates sentiment analysis as an integral part of 
the methodology, utilizing inputs from emails, support tickets, and 
meeting notes to create sentiment-weighted scores. The emotion 
model includes emotional tone, urgency, stakeholder roles, and 
sentiment change over time. These are collated into sentiment 
profiles specific to each customer, and their sentiment are then 
integrated into the risk reports and strategic dashboards. The 
accuracy results indicate that it achieves more than 94% precision 
in sentiment detection, enabling informed decisions.

The whole infrastructure is written as containerized microservices, 
and each agent is deployed as a separate service. Kubernetes 
manages orchestration, load balancing, and scaling. The UI can 
be accessed via a web dashboard and enterprise messaging apps, 
including Microsoft Teams and Slack, allowing users to ask 
questions directly within their workflow. This design facilitates 
high ease of migration, incorporating minimal friction with 
existing businesses.

This methodology provides real-time, natural language access 
to complex CSM data, featuring interpretative capabilities and 
executive-quality outputs, within an efficient, rapid, and user-
friendly platform. The system architecture and deployment 
approach were proven in terms of performance and practicality 
in production, providing a repeatable model for the enterprise 
deployment of agentic conversational analytics systems [30-35].
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Results
We evaluated the candidate Agentic AI-based NLQ Interface for 
CSM through a large-scale, real-world deployment conducted in 
two different enterprise settings over six months. The scorecard 
was developed to measure the value created by the system in the 
areas of natural language understanding, query time response, 
report creation effort, user productivity, and business impact. Test 
environments hacked. A healthcare SaaS company and a financial 
services platform were among the 423 enterprise customer 
accounts and $21M in ARR that were collectively managed. The 
user study comprised 14 CSMs and five executives, who submitted 
a total of 2,340 natural language queries.

The significant result was a reduction in response time, with an 
average query that took 847 seconds on the traditional dashboard 
and SQL-based system, compared to 2.3 seconds on the NLQ-
CSM system. Multi-dimensional queries, which previously took 
longer than 2 hours to be answered and summarized in a reasonable 
amount of time, were answered in an average of 8.7 seconds. 
This performance gain translates to a 99.7% reduction in query 
latency and a 99.9% decrease in latency for complex sentiment 
and predictive analysis queries. These gains significantly improved 
the agility of the customer success operation, as real-time insights 
and intervention were possible.

Figure 1: ROI Breakdown by Benefit Area

This pie chart illustrates the proportional contribution of each 
benefit — Customer Retention, Time Savings, Operational 
Efficiency, and Faster Report Generation — to the overall ROI.

Concerning precision, the system proved to be robust for all 
query types supported. With statistical analysis, the average intent 
recognition accuracy is 94.7%, and the average entity extraction 
precision is 92.1%. Certain types of queries, such as customer 
profile searches and ARR trends analysis, achieved even higher 
accuracy (more than 96%), and custom report creation, which 
frequently involved complex multi-source data derivation, reached 
an accuracy of 90.5%. These measurements demonstrate that the 
domain-tuned language model and the conversational context 
maintenance had a significant impact on the system’s dependability 
and user satisfaction.

The roll-out also saw remarkable enhancements to user efficiency. 
The mean number of submitted queries per user per hour rose 
from 3.2 to 18.7 (484% increase). The mean access time of data 
decreased from 15.7 minutes to 1.2 minutes, and the time to 

develop analytical reports decreased from hours to under 15 
minutes. Support requests for bespoke queries dropped by more 
than 91%, indicating that the NLQ-CSM system effectively 
empowered non-technical users to work independently through 
data exploration and reporting.

Figure 2: Natural Language Query Accuracy by Type

This bar chart compares the accuracy of different query types 
handled by the system, showing strong performance across 
customer profile, ARR analysis, sentiment assessment, and report 
generation.

Human experts assessed the quality of 150 reports that we created, 
evaluating how well the reports were based on correct facts, 
the depth of insight into various aspects of the reports, and the 
reports' presentation. The average composite score for all report 
types exceeded 93%, with particularly high marks achieved for 
sentiment analysis and executive summaries. It follows that the 
generated outputs of the automated report generation system were 
acceptable for both operational decision support and management-
level presentations, without requiring manual editing.

From a business value standpoint, the platform delivered a 
projected annualized ROI of $1.56 million, including operational 
efficiencies, time savings, and a reduction in churn. Other customer 
success metrics also saw significant improvements, with health 
scoring accuracy increasing by 25.3%, the proactive intervention 
rate rising by 129%, and the time to identify at-risk customers 
decreasing by 80% or more. These metrics validate that the system 
not only improved user experience but also had a positive impact 
on customer retention and revenue savings.

Discussion
The use and empirical demonstration of the Agentic AI-based 
Natural Language Query (NLQ) Interface for Customer Success 
Management (CSM) highlights the transformative value of 
domain-specific conversational analytics within enterprise 
environments. We present results from our extensive experiments, 
which definitively establish the limiting performance correlation 
of the proposed system. This is authenticated by the resulting 
dramatic decrease in query response times, substantial gains in 
user productivity, and highly favorable effects on key customer 
success indicators. Beyond pure performance benchmarks, the 
larger significance of this work lies in the potential for the system 
to move the needle on enterprise data access, shifting away from 
static, dashboard-centric models and toward dynamic, dialogue-
driven experiences that democratize decision intelligence across 
various roles and experience points.
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The key to this success was the reduced three-agent architecture, 
which balanced modularity against functional capacity. The system 
eliminated the risks associated with tightly coupled monolithic 
architectures. It retained the consistency required for end-to-
end query processing by delegating different tasks to the Query 
Processing Agent (QPA), Data Integration Agent (DIA), and 
Response Generation Agent (RGA). This architectural choice 
not only simplified implementation, testing, and debugging, but 
it also made it very straightforward to scale horizontally. Small 
teams had what they needed for a single-instance deployment, with 
load-balanced or distributed instances available to larger teams, all 
without requiring changes to what everyone wrote against.

Domain-specific tuning of the natural language processing pipeline 
was another crucial aspect. On the other hand, general-purpose 
NLQ systems struggle to achieve promising recognition accuracy 
in specialized domains due to vocabulary mismatch and ambiguous 
syntactic forms. The system achieved high accuracy in both intent 
classification and entity extraction after training the language model 
on a mixture of corpora, including customer success conversations, 
CRM records, and domain reports. The conversational context 
engine also enhanced the ability to maintain a session memory, 
allowing for multistep interactions where follow-up questions could 
be posed to entities or concepts mentioned in the past. This ease 
of interaction had a significant impact on usability by reducing the 
burden on users of having to restate their context fully with every 
question.

In our research, the dual-source data fusion technology was 
essential in obtaining complete and accurate insights. Unlike 
solutions confined to CRM integration only, this approach utilized 
unstructured documents (contracts, meeting minutes, and historical 
reports), allowing the system to generate stronger, more accurate 
narratives and assessments. The cross-referencing of structured 
data against contextual documents not only improved the quality 
of the resulting inferences but also contributed to preserving the 
users’ confidence in the recommendations provided by the system.

Another field in which its contribution had significant consequences 
was sentiment analysis. By incorporating multi-channel sentiment 
signals into their analysis (from support tickets, emails, and meeting 
notes), the system was no longer limited to text analysis and could 
create nuanced customer sentiment profiles. These profiles were 
combined with predictive churn models and viewed as time series, 
allowing managers to develop a warning and intervention plan 
based on factual data. Precision metrics verified the precision of 
the sentiment analysis engine, while users provided qualitative 
responses that reinforced the strategic benefit of predicting account 
risk.

However, the system also has some limitations—a small number of 
queries require disambiguation, especially those with ambiguous 
requests or out-of-domain words. Additionally, system performance 
was closely related to the quality and structure of the CRM and 
document data. Fast and efficient: Organizations that are not yet 
practicing good data hygiene may need to invest in preparation to 
clean and normalize their data. Training also played a significant 
role, with most users requiring two to three weeks of working 
with the conversational interface to become proficient in its use. 
Nevertheless, the learning curve was significantly easier than that 
of traditional BI tools and SQL reporting systems.

These results also add to the evidence that conversational AI 
interfaces are not just nifty tools, but play a strategic role as enablers 

in enterprise operations. Customized and infused with agentic 
intelligence tailored to a specific business function, these BPS can 
enable users, ranging from business analysts to casual business 
users, to make timely and informed decisions. The findings from 
this research contribute to the ongoing conversation about the 
complementary nature of AI and human cooperation, as well as 
how guided, natural language interaction, intelligent automation, 
and domain-aware analytics can be combined to enable tangible 
business benefits.

Conclusion
In this regard, this paper proposes a full-fledged, deployable, and 
domain-specific Agentic AI framework for Natural Language 
Query (NLQ) interfaces in CSM. The system was developed as 
a solution to issues that have plagued conventional CSM tools, 
including outdated interfaces, manual data querying, and a firm 
reliance on technical expertise. Utilizing the distilled three-agent 
architecture, together with the domain-adapted and streamlined NLP 
pipeline, dual integration from both data sources, and sentiment-
informed analytics, the proposed pipeline proved its potential for 
democratizing enterprise analytics and transforming customer 
success operations.

The results of real-world deployments in two enterprise settings—
crossing 423 customer accounts and $21M in ARR—speak 
convincingly to the system’s effectiveness. Top-line results 
included a 99.7% decrease in Query Response Time, 94.7% 
accuracy in Mitsubishi Picture Recognition, a 484% increase 
in user productivity, and a 45% increase in proactive customer 
interventions. Furthermore, the automated reporting system 
consistently produced high-quality output, making the final reports 
suitable for both operational and executive consumption, with 
an average report satisfaction score of over 93%. These results 
demonstrate the system’s impact in enabling customer success teams 
to quickly and accurately understand customer needs, as well as to 
enhance its strategic function within the context of the customer 
success team within an organization.

The architectural and methodological findings of this paper break 
new ground not only in the CSM function but also have broader 
implications. The agentic model, comprising the Query Processing 
Agent, Data Integration Agent, and Response Generation Agent, 
provides a general-purpose pattern for developing natural-language 
solutions across various areas of the enterprise, including sales, 
support, HR, and finance. The highly modular architecture, with clear 
functional separation, enables the easy addition of new extensions 
and modification of the domain setup without incurring performance 
or usability penalties. Moreover, migrating from structured CRM 
data to unstructured documents opens up new possibilities in the 
realm of multimodal enterprise data fusion, where insights are not 
limited to database fields but can be found throughout the entire 
corporate knowledge base.

The most significant contribution of this research is that it 
demonstrates the feasibility of achieving natural, conversational 
analytics without compromising system complexity. The absence 
of overhead in complex multi-agent configurations, in favor of a 
streamlined, purpose-built agentic triad, leads to high functional 
maturity with low deployment friction. This means that this 
approach is not only suitable for large enterprises with AI teams 
but also for mid-market companies seeking to leverage AI-based 
automation with limited resources.
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Future research directions include several areas for improvement. 
These capabilities expand the system to enable voice-based 
interactions and visual questions, increase the transparency of 
predictive insights with built-in “explainable AI” features, and 
facilitate federated learning across organizations, allowing data to 
remain in place while learning from shared intelligence. Another 
promising research direction is to enrich human-AI collaboration 
workflows and conversational agents, which are no longer viewed 
as passive responders but as proactive collaborators that can 
detect anomalies, suggest interventions, and even automate some 
operational tasks.

The Agentic AI-driven NLQ system proposed in this paper is a 
promising advancement for making analytics in CSM accessible, 
intuitive, and real-time. By enabling business users to query complex 
data using simple, natural language and receive structured data in 
response, all in real-time and within the tool, the product is raising 
the bar for enterprise business intelligence. As information continues 
to expand in volume and increase in strategic importance, such 
conversational systems are destined to become the foundational 
infrastructure for organisations working to marry agility with acuity 
and accountability in their decision-making processes.
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