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ABSTRACT: While Enterprise sales systems have dashboards to track revenue, customers, and buying trends, reports
often require reading between the lines to determine what's good and what's bad before deciding which accounts to
focus on. In this research, an explainable Sales Intelligence framework is proposed that transforms transaction-level
information into analytical evidence at the customer level and converts it into conversations to support decision-
making. The following is an example of the framework: the UCI Online Retail dataset consists of 541,909 online retail
transactions from a UK retail company from 1 December 2010 to 9 December 2011. Data preparation removes missing
customer identifiers, invalid quantity/unit price data, and expired entries. This results in 397884 transaction lines,
18532 invoices, 4338 identifiable customers, 3665 products, 37 countries, and the following actual retained revenue
(facts as of 31 December 2018): £8,911,407.90. Customer revenue, product activity, average order value, purchase
frequency, and recency are calculated using deterministic methods to segment and assess account health. The
proposed architecture leverages numerical computation and evidence retrieval to interpret Al-generated results and
connect explanations/recommendations to verified transaction indicators, with an emphasis on algorithms. The
proposed architecture interprets artificial results and connects evidence/messages and/or
recommendations to certified transaction indicators, with an emphasis on algorithms. The study provides empirical

intelligence

results from the transaction analysis process. It proposes definitions of measures to evaluate an agent's future
operational application, including numerical accuracy, retrieval precision and recall, F1 score, recommendation
relevance, explanation agreement, error rate, and response latency. Validate data from the enterprise CRM and sales-
interaction data (recommended).

KEYWORDS: Explainable Al Sales Intelligence; Customer-Level Analytics; Conversational AI; AI-Augmented
Decision Support.

1. Introduction

Organizations have moved from spreadsheets and
hand-held customer records to Customer Relationship
Management (CRM), Business Intelligence (BI), predictive
analytics, and Artificial Intelligence (Al), and now it's
impossible to imagine a business functioning without
them. Spreadsheets offered simple analytical functions
but were time-consuming and required regular reporting.
With CRM and BI solutions, businesses gained access to
sales data through centralized data stores, dashboards,
and interactive reports. Additionally, predictive analytics
added more functionality by enabling customer grouping,
buying pattern analysis, demand forecasting, and
behavioral change identification. More recently, Al has

expanded sales analysis beyond traditional reporting by

providing interactive analysis and decision-making

capabilities in enterprise systems. Despite these
achievements, conventional sales-intelligence systems
cannot offer useful interpretation at the customer level.
Dashboards typically display set criteria that are
dependent on other factors like revenue, purchase
frequency, and purchase recency. For instance, a drop in
sales can result from lower transaction amounts, fewer
transactions, or shifts in which products are sold. This can
require users to use several distinct reports, apply filters,
and make other calculations. While transactions, or sales
data, can show customers who bought what and when,
they can't necessarily tell whether or when they bought

for the first time, whether they also purchased something
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else, which particular product they purchased, or whether
a company employee made the sale. This is an
opportunity for easy change offered by the Al-powered
Sales intelligence, with natural-language interpretation
and conversational access to analytical data. These
capabilities, however, require analytical grounding and
both numerical precision and “explainability.” If the user
cannot, or does not know how, to verify the "why" behind
the recommendation, it can be hard to determine whether
it is correct or applicable. If possible, separate the math
behind customer indicators from the analysis of those
should

repeatable analytical processes, and the Al element should

indicators. Numerical results come from
retrieve and interpret verified evidence rather than

creating customer metrics on its own.

This research proposes an explainable framework that
identifies product orientation during sales and maps it to
customer-level analytical evidence and customer-level
sales intelligence. We used the UCI Online Retail data set,
which contains transactions from an online retailer from 1
December 2010 to 9 December 2011 in the United
Kingdom. The data set includes invoice number, product,
quantity, transaction date, unit price, customer, and
country information. These variables can be used to derive
customer metrics such as customer revenue, purchase
frequency, recency, average order value, and product
activity. The generated indicators enable analysis of
buying behavior, such as drop-off, lapsed customers,
inactivity, and opportunities to win back customers. The
study does not cover enterprise-wide CRM or B2B sales
management capabilities. It focuses on customer
intelligence, particularly transaction-based. The data set
does not include CRM notes, sales calls, opportunity
records, pipeline stages, or detailed histories of customer
interactions. For this reason, the proposed framework is
tested conceptually and analytically using evidence from
transactions, not as an operationally mature, empirically
proven operational Al agent. The Al element is introduced
as a key driver to provide a complementary interpretation
and conversational interface, which could serve as a
channel for communicating analysis results and offering
evidence-based sales recommendations. The key
contribution is the ability to derive deterministic customer
insight, leverage Al interpretation and explainability to
guide conversational interactions, and do all of this within
one product-centric sales intelligence solution. The
numerical calculations from

architecture separates

language translation into customer values so that

customer values can be traced back to the underlying
transaction evidence. Al-generated explanations &
recommendations can be viewed as decision support
outputs that must be suitable for human review as part of

an enterprise flow.
1.1 Aim of the Study

The aim of this study is to propose an explainable,

product-oriented sales-intelligence framework that
transforms transaction-level data into customer-level
analytical evidence and supports evidence-grounded

conversational decision-making.
1.2 Objectives of the Study
The specific objectives are:

(1) To develop deterministic customer-level analytical

measures, including revenue, purchase frequency,
recency, average order value and product activity, using
data. (2)To

purchasing behaviour through segmentation, account-

transaction-level examine customer
health indicators and the identification of high-value,
declining, inactive and potential reactivation accounts. (3)
To propose an evidence-grounded Al retrieval and
conversational architecture that connects customer-level
analytical results to natural-language explanations and
sales recommendations. (4) To establish an evaluation
framework for assessing numerical accuracy, retrieval
and Fl-score, recommendation

precision, recall

relevance, explanation agreement, error rate and
response latency. (5) To examine the applicability and
limitations of the proposed framework and identify
requirements for future validation using enterprise CRM,

sales-pipeline and customer-interaction data.
1.3 Scope of the Study

The study focuses solely on case studies of the UCI Online
Retail dataset and proposes an Explainable Sales-

Intelligence model framework based only on

transactions. Researched factors include customer

revenue, purchase frequency, customer recency, average
order value, indicators of

product activity, and

These

foundation for analyzing customer segments, customer

purchasing behavior. measures form the
health, and the potential to reactivate customers. The
study also considers an Al-driven retrieval and
conversational interface that communicates analysis

results to users. Unlike the space-time-complicated
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workflows of natural-language interpretation and
deterministic data processing, the proposed architecture
separates evidence retrieval from data interpretation. The
study doesn't mention that a fully developed Al sales
agent has been implemented or run. The evaluation
criteria for a future implementation do not differ from
those mentioned, and the empirical component covers
only transaction data and customer-level analysis. The
data comes from an online retail context and does not
include all aspects of enterprise sales activity. In
particular, it lacks many CRM interactions, sales team
activity, opportunity management, contractual details,
The findings reflect the

transaction-based

and customer sentiment.

analytical strengths of customer
intelligence and do not necessarily indicate the solution's

performance in all enterprise selling situations.
1.4 Significance of the Study

The paper offers valuable insights on sales intelligence,

providing a structured, systematic framework for
annotating any sales transaction and converting it into
meaningful customer-level sales intelligence. The
proposed framework takes a two-stage approach that
separates numerical computation from the generation of
the interpretation using Al so that linkages between the
received recommendation and measurable manifestations
of customer behavior can be facilitated more easily. This
matters because it enhances the transparency and
verifiability of Al use in sales decisions. The framework
illustrates shifts in consumer buying behavior by
examining purchase frequency, recent purchase volume,
and revenue. It also helps communicate with users
without forcing them to wade through dozens of
dashboards and reports to get the results they want. The
proposed research study offers an architecture and
evaluation framework to inform future research
implementations. Taking it further with enterprise CRM
data, sales-pipeline details, and customer-interaction
information would clearly confirm that it can be applied

more broadly than transactional retail analyses.
2. Literature Review

2.1 Evolution of Sales Intelligence and Enterprise

Business Intelligence

Today, sales intelligence has evolved from basic

spreadsheets to CRM, business intelligence, predictive

business analytics, and Al-driven decision-making.

Without an share

information on quality and performance, transactions,

enterprise-wide platform to
and customer data, enterprise data became fragmented,
making sales reporting a manual process [1; 2]. Customer
Relationship Management (CRM) solves these issues by
grouping
opportunities, and sales processes into a single system.

customer information, communications,
Later, BI enhanced sales analysis through dashboards,
reports, and visual notifications, making it easier for sales
managers to monitor revenue, customer activity, and
performance without creating individual reports by hand
[3; 4]. While traditional Bl is still descriptive and relies on
the consumers to deduce patterns between the indicators
and make sense of changes in their behavior when
interacting with a company or a product, artificial
intelligence-based data architectures can aggregate data
from various sources to detect patterns, anomalies, and
trends to aid in more actionable insights [5]. Predictive
analytics and its associated features, such as forecasting,
segmentation,
followed. Another area that has developed is the ability

to use natural language to access analytical information

and  purchasing-pattern  analysis,

from AI and Generative Al systems. Users can ask
questions about changes in customer behavior, customer
revenue, and purchasing trends, and receive
automatically generated interpretations. But natural-
language access does not make the correctness of the
underlying data disappear; the reliability of the
calculations and appropriate contextualization remain
essential. Even with these steps, errors at any stage can
lead to incorrect sales insights, even if the generated
explanation sounds convincing. Metrics like revenue,
repeat purchases, average spend, and recency can be
inferred directly from transactions but don't predict
customer activity on their own. The relationship between
the indicators, as well as the customer's purchase history,
should be considered in their interpretation. As such, this
study regards sales intelligence as multi-layered: sales
transaction information is converted into customer-level
analytical evidence, retrieved, and interpreted to inform
sales decisions. The proposed approach is therefore split
between calculating customer indicators and interpreting
the implications of those indicators. The determinate
ANALYTICAL PROCEDURES present the numerical
evidence, and the AIY COMPONENT is used to give
these meaning or provide explanations based on the
evidence retrieved. This matters because the language

model doesn't want to create its own customer metrics.
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2.2 Artificial Intelligence in Sales and Customer-Level

Decision Support

In sales, Al can support sales forecasting, customer
lead

assessment, and recommendations and support for next-

segmentation, prioritization, opportunity
best actions [6]. Much of this research is concerned with
structured prediction — that is, predicting outcomes from
past data, or categorizing customers into those that have
been predefined. Generative Al can extend these
applications by  generating  summaries and
recommendations from structured, analyzed output in
natural language. These systems need accurate evidence
they can act on or rely on, and they need the opportunity
to do so. Language-based customer recommendations can
be complemented with quantitative recommendations
such as transaction frequency, revenue, recency, or
purchasing changes. These indicators, used regularly and
together, provide a baseline for evaluating customer value
and buying habits and identifying potential changes in
account activity. This study does not aim to replicate all
features of a CRM/B2B sales environment. Instead, it

examines the process of making the necessary changes
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between the layer of individual transaction facts and the
layer of customer-level intelligence, and making that
information accessible through a user-friendly, Al-
enabled interface [7]. This phase focuses on analysis and
interpretation, not on managing sales pipelines, customer
contact, or contracts. Al-generated content improves
managerial decision-making by delivering analytics and
information that guide the sales journey. But transaction
data doesn't necessarily reflect all interactions and
services between a customer and the company, such as
ongoing sales engagements, service interactions, or
commercial negotiations. Accordingly, you must
interpret recommendations based on transaction records
in the business context before taking any commercial

action.

Figure 1 illustrates a predictive customer
analytics framework in which transaction data is
processed to identify customer patterns, generate
predictive insights and support evidence-based sales
decisions. The framework demonstrates how analytical
outputs can inform recommendations while retaining

human judgement in commercial decision-making.
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Figure 1: Predictive Customer Analytics

2.3 Explainable Al in Enterprise Decision-Making

The use of Al in decision-making is gaining momentum,
and transparency, explainability, and interpretability are
increasingly important in Al use [8]. NIST believes it's
essential to differentiate between what the Al system says

and how it says it, and between interpretability and

explainability. These qualities enable the assessment,
recording, and control of Al systems. Explainability can
level. The

relevant

be evidence-based at the customer

should

indicators, a description of the observed pattern of

recommendation include analytic
interest, and evidence. For example, an inactive customer

may be matched with true inactivity in purchases, and a
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high-value customer may mean a high-value customer
with purchase behavior and/or finances. The NIST AI Risk
Management Framework also includes explainability and
interpretability, specifically through the characteristics of
validity, reliability, security, transparency, privacy, and
fairness [9]. This shift adopts a socio-technical perspective,
highlighting that an Al system's outcomes result from the
interplay among data quality, analytical techniques, the
Al system's behavior, and humans. The study focuses on
explainability primarily in the context of ‘traces’ of
insights produced and supported by a customer’s body of
established evidence, gathered by the analyst. Customer
metrics are not calculated directly from the language
model; instead, an interpretive layer sits in between. This
segmentation lets users use the supporting data in an
explanation as the basis for analysis and choose whether
to display the output for calculation analysis or human

analysis using Al models.

2.4 Conversational Al and Natural-Language Sales

Intelligence

For structured sales information, conversational Al can be
an alternative to dashboards. Users don't need to follow
predefined statements or conditions; they can ask
questions about customer inactivity, product activity,
purchasing, performance changes, revenue, etc. This can
reduce technical barriers to accessing analytical
information. Language generation isn't sufficient for
reliable conversational analytics, however. A system must
recognize what information it needs, what evidence it
needs to make a judgment on, the calculation(s) it needs to
undertake or, if appropriate, access, and the answer that it
forms based on the evidence retrieved. This is especially
crucial when the robot must use numerical data, since
language generation can produce nonsensical values.
Grounding is thus a key design criterion. The evidence
layer relies on transaction data, with deterministic
procedures calculating customer indicators and the Al
section interpreting the verified results. These can be split
into functions for numerical accuracy, evidence retrieval,
and evidence-based explanation to assess the quality of
the evidence-based explanation. It also serves as a tool for
spotting incorrect values, values that are not relevant and
aren't backed by evidence, and evidence that is not
supported by values for recommendations. One relevant
approach is retrieval-augmented generation, which uses
information retrieval (IR) from an external source to
augment language generation [10]. The proposed sales-

intelligence framework uses accepted features of the

retrieved information, meaning, it provides the Al
component with relevant evidence for the customer,

rather than information coded into the language model.

2.5 Product-Oriented Al in Sales

Intelligence

Deployment

For any Al sales-intelligence product to be truly effective,
it must seamlessly connect data preparation, data
analysis, evidence retrieval, model inference, logic
explanation, and user communication. These functions
are better thought of as a thread that runs through the
product. It should integrate data preparation, data
analysis, evidence retrieval, reasoning and modeling, and
explanation and communication with the user. Model
performance and faithful implementation are essential to
consistent data and an effective human 'watchdog'. The
UCI Online Retail Data includes transaction-level data,
which can be used for customer-level analysis. It doesn't,
however, include complete enterprise or B2B CRM or
Sales features. It doesn't include sentiment, Contracts,
sales interactions, opportunity stages, or account
ownership. That makes the solution proposed more of a
"customer intelligence solution that is transactional, but
not an enterprise CRM. The product-oriented approach
includes the linked analytical modules: transaction data
preparation, deterministic customer analytics, evidence
retrieval and interpretation, Al interpretation, and
presentation of user-friendly messages. The structure
enables numerical results to be drawn from the prepared
data set and allows explanations to be traced back to the
evidence on which the analysis is based. However, the
recommended  architecture still needs human
intervention to interpret and apply the Al-generated
recommendations. This may be especially true in sales,
where transaction dynamics may indicate purchasing
patterns; however, the intent or reason for the purchase

may not be the same.
2.6 Research Gaps and Limitations in the Literature

The literature review reveals several gaps. Traditional
business intelligence systems mainly present information
and let users infer relationships among customer
indicators and their meanings [11]. Second, many Al sales
applications focus on specific targets (forecasting,
classification, and segmentation) rather than a multi-
Third,

explainability is often discussed in terms of model

signal approach to customer intelligence.

behavior, but recommendations must also be clearly
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Fourth,

analytical

linked to evidence.

conversational Al

supporting business
improves access to
information but also increases the risk of unsupported
generation, inaccurate numbers, and inappropriate
interpretation. These risks create a need for evidence-
based architectures. Last, the metrics for assessing whole
customer levels of sales-intelligence products must be
considered from several angles — numerical accuracy,
retrieval ~performance, recommendation relevance,
explanation agreement, error rate, and response latency.
The missing pieces call for a solution involving
transaction-level deterministic customer

data prep,

insights, evidence retrieval, and model-driven Al
interpretation and explainable conversational interactions
[12]. This study, rather than a traditional CRM or B2B
pipeline dataset, uses the UCI Online Retail dataset to
explore how transaction data is turned into customer-level
data for analysis. The dataset supports conclusions based
on transactions but cannot capture all enterprise sales
activities. In particular, it does not account for interactions
within the sales team, opportunity stages, contractual
specifics, or customer emotions. The model in this
proposed framework is therefore product-based and
needs validation for wider applicability using handset
enterprise CRM, sales pipeline, and customer interaction
data. The study process distinguishes the main gaps
between empirical Transaction Analysis and the
functionality offered by the proposed Al agent. It defines
customer-level analytical measures and sets up an
evidence-based  architecture to  assess  future
implementation in an operational system. The numerical
criteria include accuracy, retrieval precision, recall, F1-
score, recommendation relevance, explanation agreement

rate, error rate, and response latency.
3. Methods and Techniques
3.1 Data Collection Methods

This study used quantitative research and secondary
transaction data from the UCI Machine Learning
Repository. The data, known as Online Retail, includes

541,909 transactions from an online retailer based in the
United Kingdom from 1st December 2010 to 9th
December 2011. It offers granular data that can be used to
study customer transactions, customer influence, sales
results, etc. The dataset has 8 main attributes: InvoiceNo,
StockCode,

UnitPrice, CustomerID, and Country. The value of

Description, Quantity, InvoiceDate,

InvoiceNo identifies an
StockCode

Description column contains the products' descriptions;

individual transaction; the

describes the products purchased; the

the Quantity column contains the number of units
purchased; the InvoiceDate column contains the date of a
list of individual transactions; the UnitPrice column
contains the price per unit; the CustomerID identifies an
individual customer, and the Country column contains
the country of a particular customer. A primary reason
for choosing CustomerID as the new identifier for
customer-level analysis was its ability to link transactions

to individual customers.

For the analytical dataset, records without identifiable
customer identifiers were too difficult to use to calculate
omitted. No

replacement customer identifiers were provided. The

customer-specific metrics and were
dataset was chosen because it contains a large amount of

historical retail transactions to explore customer
purchasing behavior and how sales intelligence could be
gained from operational transaction data. However, it
lacks customer profile details and does not include CRM
opportunity records, sales communication histories,
customer satisfaction details, or transactions with sales
reps. As a result, the focus is mostly on observable
purchasing behavior rather than more general
relationship-management practices. The study relied
data,

interviewing, surveying, or actively recruiting human

solely on secondary transaction without
subjects. As a result, the transaction analysis is
empirically grounded, including in data quality. In
contrast, the proposed approach of providing analytical
information extracted from transactional data is
conceptually based on the framework of currently

proposed Al technology.

Table 1 illustrates the principal variables in the UCI Online Retail dataset and their analytical roles. The

variables capture transaction, product, customer, temporal and geographic attributes used to derive customer-level

measures for sales analysis and explainable sales intelligence.
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Table 1: UCI Online Retail Dataset Variables

Variable Analytical Role
InvoiceNo Transaction identification and cancellation filtering
StockCode Product identification
Description Product information
Quantity Purchase volume
InvoiceDate Recency and purchase behaviour
UnitPrice Revenue calculation
CustomerID Customer-level analysis
Country Customer geographic profile
Revenue Derived as Quantity x UnitPrice

3.2 Data Preparation and Cleaning

Data enhanced the

appropriateness of transaction records for further analysis

preparation consistency and
[13]. The cleaning process targeted data that could skew
revenue figures or prevent accurate revenue attribution to
customers. The cancellation items referred to the
following cleanup process: Cancellation records were
removed, transactions lacked CustomerID data, and
records lacked or contained invalid Quantity and
UnitPrice data. Invoicing numbers starting with the
cancellation identifier "C" were used to identify the
records for cancellations. One reason is that some
transactions were missing customer information. Missing
information was not filled in or replaced because
transactions without customer identifiers are hard to
analyze at the customer level with the expected reliability.
The InvoiceDate field was standardized to a date-time
format for analyses based on the data's chronological
dimension and for comparing observations over time. A
revenue variable was obtained by multiplying the
quantity recorded by the price of the unit: [Revenue =
Quantity x UnitPrice], where Revenue is the revenue of
the transaction line. No “synthetic” customer IDs or
artificial customer records were created. After all
cleaning-specified operations are performed, the final

analytical record count is made. Determine the final

retained count and the number of records excluded at
each cleaning stage in the same way (following the
With the

customer revenue can be determined, customer purchase

documented procedure). dataset ready,
frequency can be analyzed, average order value can be
calculated, customer recency can be assessed, and
customer segmentation can be done based on the data
[14].

3.3 Data Analysis

The analytical layer translates transaction records into
customer-level measures. Total revenue is the sum of
transaction revenue per customer, and average order
value is the sum of customer revenue (out of all
transactions) divided by the number of distinct invoices
(out of all orders). Frequency is the count of different
invoices that are associated with a customer. Recency is
the number of days since a customer's most recent
purchase relative to the reference date (determined by the
observation period). These measures are the foundation
of customer behavior analysis. Revenue contribution is
calculated to identify customers' large orders, and
customers are categorized into different price groups
using frequency and recency to measure existing price
trends among active, declining, and inactive customers.
Time comparisons also identify changes in purchases.

Customers who have sold in the past but haven't
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purchased for a long time, for example, can then be
identified as potential reactivation customers [15].
Customer segmentation combines recency, frequency,
and monetary value with purchasing behavior. The
purpose isn't just to create statistical groups; it's to make
sense of customer categories that can support sales
decisions. For instance, customers can be segmented by
high monetary contributors, frequent buyers, recent
activity, recent inactivity, or long-term inactivity. The
concept of product-level purchasing behavior is also
explored, with the analysis focused on StockCode and
Description, to identify differences in purchasing
behavior across customer groups. The business rules
information on the account-health indicators are based on
measurable transaction behavior. Any decrease in activity
is recognized by comparing how much the purchaser
bought recently with a suitable past time frame; inactivity
is recognized from a set of criteria that define when a
purchaser doesn't want the product anymore. Potential
reactivation candidates combine evidence of previous
purchase value/frequency with extended periods of no
identifiable transactions in the record. This helps to
determine that the recommendation comes from definite

analytical data and not from free interpretation of AL
3.4 Explainable Al Agent Development

The AI sales-intelligence agent consists of a multilevel
structure of: a cleaned transaction dataset, analytical
processing layer, retrieval mechanism, Al model and
[16]. The

analytical layer generates accurate customer data outputs

conversational interface/explanation layer

prior to applying the Al model. These outputs include
insights into revenue, frequency, average order value,

product activity, customer segments and account-health

Orchestration
Layer

Tool & Action

-
Layer

Governance
&S« e e

Observability
Layer

indicators. The retrieval mechanism is linking the
natural-language questions with the corresponding
customer information data and analytical results. For
instance, the language model is not used to perform a
numerical comparison to the specified conditions when a
request is made for dropping customers. Evidence picked
up is provided to the Al system as supporting context.
The model is used to "read" and "simplify" the evidence,

but does not lead to numerical truth.

The conversational interface can be used to ask questions
about customer groups, customer inactivity, product
behavior, revenue, questions about individual customers,
and questions about potential customer rewinners [17].
These are the types of questions that can be asked using
the conversational interface: customer groups, customer
inactivity, and questions about product behavior,
questions about revenue, questions about individual
customers, and questions about potential customer
rewinners. If the information requested is not provided
with the information available provided from the
transactions, the system is designed to communicate the
limitation rather than wunsupported information.
Explainability is achieved by linking recommendations to
the indicators responsible for the interpretation, creating
the sequence: data evidence — analytical calculation —

evidence retrieval — Al interpretation — explanation.

Figure 2 illustrates the enterprise Al agent architecture,
showing how cleaned transaction data moves through
analytical processing, retrieval, Al interpretation and
conversational interaction. The architecture demonstrates
how  verified evidence

supports  explainable

recommendations while maintaining human oversight of

sales decisions.

Reasoning
Layer

Memory &

_
Data Layer

Al Agent Architecture

Figure 2: Enterprise AI Agent Architecture
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3.5 System Evaluation Techniques

Because the proposed Al agent was not implemented in
its own right and was not further test-run as part of the
study evidence, this section provides an evaluation
framework for future testing and validation of the agent's
performance against the study evidence that will be
available. The proposed evaluation dimensions focus on
numerical reliability, evidence retrieval, recommendation
quality, consistency of explanation, and operational
responsiveness. Concerns about the accuracy of numerical
measures should focus on the system's ability to report a
customer's revenue level, number of purchases, average
order value, and purchase recency, using independent
measures of system performance to compare with
reference values [18]. Test queries should be compared
with outputs generated by the validated deterministic
analytical layer. Retrieval performance should test
whether the system can identify information within
customer records and related analytical evidence.
Precision indicates what % of retrieved evidence is
relevant, and recall indicates what % of relevant evidence
is retrieved. F1-Score is a fusion of precision and recall.
The suggested selling actions need to be analyzed against
customer purchase behaviors and analytical indicators to
assess the relevance of the recommendation to those
indicators. Assessment can include fixed standards and/or
quality-driven independent assessments by a sales or
business-intelligence practitioner. The quality of the
explanation agreement should include an evaluation of
the precision of the system's natural-language
descriptions of the underlying analytical evidence.
Evaluators should check that the explanations match the
reported indicators and that the recommendations link to
the supporting information at the customer level. The
error rate is the percentage of errors that are out of place,
either because the student didn't say the correct number,
because what they said is not valid, or because it is an
inappropriate interpretation. Response latency should
represent the time it takes to pull evidence from the
system and return a response after presenting a query to
the user. Future evaluations should record the language-
model version, the analytical environment, the query set,
a test procedure, reference outputs, and the scoring
criteria. This information would help scientists establish
the accuracy of deterministic analyses relative to the
conversational Al system's performance. The method
provides an analytical process to extract customer-level

sales intelligence from existing transaction logs. It offers

an explainable sales intelligence architecture that makes

the  extracted intelligence  available through
conversational interaction at the customer level. This
distinction allows the study to add proposed Al-agent
development and evaluation and ensures consistency
between the suggested Als' construction and the

supporting evidence [19].
4. Explainable Sales Intelligence Model
4.1 Product-Oriented System Architecture

The goal-oriented explainable sales-intelligence model is
not intended to be developed as a language model (LM)
per se, but rather as an integrated product for analytical
use in the sales domain [20]. It organizes and cleanses
transaction information to create customer-level insight,
delivers the right evidence, and provides Al
interpretation, enabling analytical results to be delivered
via a conversational interface. The proposed architecture
is based on the empirical data of the UCI Online Retail
dataset. Includes data about transactions, products
bought, quantities, transaction date, unit price, customer
information, and customers' countries. The first layer of
the architecture is not a CRM profile, an opportunity
pipeline, or a record of sales interactions, etc., but rather
arecord of transactions. The data-preparation layer filters
out ‘"canceled" transactions, transactions where
CustomerID is missing, and transactions with no quantity
or an invalid price or unit. It also normalizes the date of a
transaction and computes the amount of revenue based
on the "quantity” multiplied by the "unit price. It is also
useful for normalizing the date for a transaction and also
computing the value of revenue based on "quantity"
times "unit price. No artificial identifying labels are
added. The CustomerID validation allowed transactions
to be grouped for analysis to derive customer revenue,
purchase frequency, recency, avg. order value, and
product activity. These customers form the Customer-
intelligence layer, which is used to study purchasing
behavior and customer contribution. The evidence-
retrieval layer supports finding analytical records related
to given customer-level evidence, based on the natural-
language query. The recovered proof is then passed to the
Al interpretation layer, which provides clarifications and
possible sales recommendations based on its analytics
knowledge. The retrieved evidence is then passed to the
Al interpretation layer, which can provide explanations
and potential sales suggestions based on its analytics

knowledge. Incoming answers are handled in a dialogue
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This

computation from language generation. The analytical

format. architecture = separates  numerical
layer still generates customer metrics, but now, when it
comes to communicating and interpreting the verified
results instead of performing a calculation to arrive at the
sales figure, it is the language model that is needed. The
architecture presented here combines five key
components: preparing transaction data, processing
analytical data, retrieving transaction evidence, analyzing
content using Al feeds, and conversational interaction.
This does not mean this study provided or deployed a
fully working Al agent, as each component represents the

workflow intended for the desired Al agent.

4.2 Customer Intelligence and Recommendation

Framework

Based on transaction records, the customer-intelligence
framework is a structured representation of customer
behavior. It includes five analytical indicators: customer
revenue, Purchase frequency, Recency, Average order
value, and Product activity. Together, these indicators
offer a more detailed understanding of customer
contribution and buying behavior than revenue alone. The
number of distinct customer purchases indicates purchase
frequency, and customer revenue represents the total
amount of money the customer contributes. Recency is the
time since the customer's last purchase, and Average
Order Value is the average dollar amount of their orders.
Product activity provides additional data on purchased
products and product usage levels in customers' buying
practices. These indicators help classify customers using
an operational definition developed in Chapter Three.
Customers are classified into a high-value group by
customer cumulative revenue (top 25%). Customer
activity is evaluated using a look-back period covering the
last 90 days of the Sprint support period (13 June to 10
September 2011) and the last 90 days of the Sprint support
period (11 September to 9 December 2011). The
classification system groups customers into high-value,
inactive, growing, declining, and reactivation-ready
segments. The actual growth/decline is analyzed mostly in
terms of increases or decreases in customer revenue, and
purchase frequency provides supporting data on

engagement.

Customers who have not made any purchases in the last
90 days are categorized as inactive, and previous buyers
with no purchases in the last 90 days are considered

potential reactivation customers. In addition, it accounts

for the fact that past customer values may not reflect
healthy accounts. An established customer with a large
turnover but who is now cutting back is in the category
of "attention please. Likewise, a customer who previously
made lots of purchases but has a long break between
purchases could be a potential reactivation opportunity.
The classifications are not necessarily exclusive. A high-
value customer could also be inactive or declining,
providing a mechanism to determine the customer's
commercial value and the need for further attention.
Apply the updated thresholds only to the cleaned dataset,
and derive the numerical classifications and customer
counts from this data, not from previously reported
segmentation numbers. Instead of relying entirely on
language-model interpretation, pre-defined analytical
recommendations. For each
should

corresponding customer indicators and supporting

conditions  generate

recommendation, users include the
evidence so they can view the justification for the
recommended action [21]. Because the framework is built
on a transactional basis, it can only provide business-
device suggestions based on observed purchasing
behavior and is not intended to be a worldwide appraisal

of the customer relationship.
4.3 Explainability and Governance Framework

Explainability is achieved through traceability
of the relationship between records of the work actions,
indicators  generated, evidence retrieved, and
interpretation (products) from the Al algorithm. If a
customer activity decline results in a revenue decline, for
instance, the system should provide insights indicating
the relevant revenue changes to support that observation.
This allows differentiation between language generated
by the Al component of the system and the analytical
information that can be calculated. Key governance
aspects of the proposed framework include data
validation, evidence grounding, output constraints, and
human checking. In the analytical layer, numerical claims
are generated, and the evidence-retrieval component in
the Al interpretation layer provides the information
needed to support the response. When the available
transaction record does not contain enough information
to answer a query, the system should not try to explain
what caused it; it should simply report that the claim is
These

recommendations are at staff discretion and should not

not supported by the transaction records.

influence commercial decisions without review. Because

the sale dataset may contain more information about
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customers and other factors affecting the sale, information
not tracked may also be relevant to a sale. The analysis of
the public dataset does not show future deployment
requirements, but rather requirements for security, access
and auditability. The model then places

explainability and governance within the proposed

control,

architecture to keep the customer intelligence informed,

traceable, and under human control.

Figure 3 illustrates the proposed traceable governance
architecture, showing how data validation, evidence
grounding, output constraints and human oversight
work together to support accountable AI decision-
making. The architecture emphasizes traceability,
controlled outputs and human review throughout the

analytical process.

( - ( ) 4 A £ )
| Human
Case Prediction | | Explanation | Review Final
Intake Layer Layer | Layer Decision
ake | ay. - yer ayg _| Decisio
Features + Score + initial Local factors Escalation + Recorded
policy context decision + rationale override outcome
decision
\ J \ J - J \. /)

!

!

Audit Trail

Case ID + timestamp + score + factors + reviewer action + justification

Figure 3: Proposed traceable governance architecture for accountable Al-enabled institutional decision support.

5. Results and Discussion
5.1 Dataset and Sales-Portfolio Results

The empirical data for analyzing customer purchasing
behavior and developing the proposed sales-intelligence
framework were obtained from the UCI Online Retail
dataset. The raw data includes 541,909 transaction records
from a UK online shop between 1 December 2010 and 9
December 2011. The records include details such as unit
price, invoice, transaction date,

product, quantity,

customer, and country information.

The analytical dataset excluded cancellations and
transactions missing CustomerID, quantity, or unit price
data. The number of transactions multiplied by the unit
price equals the amount of money the company received
for each unit sold. Where a customer identifier was
missing, it was not replaced with artificial values because
customer-level transaction analysis cannot be accurately
carried out without an identifier. The final analytical
record count and descriptive statistics are not reported as
confirmed results because the original analysis describes
its treatment of missing values inconsistently. These

figures revise the previously reported amounts and are

not independently verified through the new cleaning
process: 397,884 transaction lines; 18,532 invoices; 4,338
customers; 3,665 products; 37 countries; and £8,911,407.90

kept revenue.

These data can be used to learn more about every

purchase, including transactions and customers.
Complementary KPIs include customer contribution and
purchase activity: RVE (revenue), Frequency (purchases),
Average Order Value (AOV), Recency (purchases), and
Product Activity. Customer-level indicators are very
important, as total revenue does not necessarily or always
correlate with a successful individual customer — it might
show some high spenders, but it may also show a high
number of people buying "little bits" — if that is the case.
Therefore, this approach will emphasize differences in
customer buying behavior rather than absolute sales

numbers.

5.2 Customer
Results

Segmentation and Account-Health

Customer segmentation is a suitable way to segment

customers based on their buying behavior and

commercial contribution. The framework combines
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revenue, recency, purchase frequency, average order
value, and product activity to build multidimensional
insight into customer performance. The method for
determining high-value customers is the top 25% of
identifiable customers, as determined by cumulative
customer revenue. This relative threshold provides an
equitable basis for prioritizing accounts by their
contribution to sales. There was also some interesting
additional information in case purchases weren't frequent
enough, including purchase frequency and average order
value, which show a distinction between customers that
bring a high number of purchases and those that bring a
high revenue per purchase. Account health is assessed by
comparing the second 90-day period of same- or related-
product purchases with the first 90-day period. Data for
the recent period are from 11 September to 9 December
2011, and for the previous period are from 13 June to 10
September 2011. Customers who made at least one
purchase in the last period are considered active, while
those who made no purchases are inactive. The best
indicator of growth and decline is an account's revenue
change across both periods. At the same time, purchase
frequency works in tandem; it is not the cornerstone for

determining growth and decline.

When patterns differ, consider both revenue and
frequency, and do not interpret either in isolation.
Reactivation candidates include prior-purchase customers
who have not made qualifying purchases in the past 90
days. The category provides a basis for prioritizing
accounts that could benefit from reengagement. The
classifications are not mutually exclusive, as performance
has two aspects: customer value and account activity. A
historically high transaction value may also be inactive - a
customer's account could be applicable for both
reactivation and retention efforts. The tools complement
and support better account prioritization decisions than
individual sales measures. The framework doesn't use
revenue as the only indicator of a customer's importance.
Still, it does account for the relationship between the
commercial  contribution,

customer's purchasing

consistency, recent purchasing activity, and product

preferences. This way, sales folks can identify accounts on
the lists that need work and retention, accounts that
support growth, and accounts that might need re-

harvesting.
5.3 Proposed AI Agent Evaluation

Results from the actual implementation of the proposed
Al agent should be used for performance results and not
results from other models with similar data that are not
related to the proposed model. The gold-standard
outputs are calculated independently and compared with
the agent responses. Two aspects of the numerical
revenue and

accuracy —agreements with verified

agreements with invoice counts and customers
indicators. The task of retrieval precision, recall and F1-
score is to determine if the correct customer records are
retrieved. One measure of relevancy is the degree of
agreement to the pre-defined conditions which were
analyzed and one measure of the correctness of
explanations is whether the reasons given match the

evidence for each recommendation.

The hallucination/ error rate is the percentage
of claims, attributes, wrong numbers/given numbers, and
explanations that could not be found in available
transaction evidence [22]. The distinction is crucial
because the dataset is comprised of transactions but
without any calls made by the sales person, no complaints
from customers or obvious causal explanations of the
reasons for a wvariation in customers purchasing.
Additional measurements of operational performance are

successful-query rate and response latency.

Figure 4 illustrates a proposed ReAct-based

single-agent architecture in which observations,
reasoning and actions form an iterative decision loop. The
architecture supports evaluation-based feedback by
connecting agent responses with evidence, reasoning
processes and subsequent actions during Al-assisted

decision-making.

https://aimjournals.com/index.php/ijaair

60


https://aimjournals.com/index.php/ijaair

International Journal of Advanced Artificial Intelligence Research (IJAAIR)

( Input Task >

!

Supervising
Agent

4

[
Ewvaluation-based

. Planning
Agent

New

feedback
I

Action Agent

observation

4
C Output

~
_/

Figure 4: Proposed ReAct-based single-agent architecture with observation-reasoning-action loops and evaluation-
based feedback.

5.4 AI Agent versus Conventional Dashboard Workflow

Traditional sales dashboards offer a graphical overview of
business metrics, including sales figures, sales activity,
product performance, and more. They enable monitoring
and reporting by presenting information in charts, tables,
filters, and predefined metrics. However, users sometimes
have to add up a few indicators before they can figure out
why a customer's performance dropped or what to do
about it. The proposed Al-led method takes this analytical
process a step further by offering a conversational
interface through which the customer can ask for
explanations and recommendations at the customer level.
The sales representative wouldn't have to manually go to
different parts of the dashboard to ask questions about the
customer's buying behavior, income segments, or

declining order frequency.

The device would carry the relevant analytical evidence
and, based on it, build an explanation. The difference
between the two use cases lies in how users interact with
and interpret sales data, not in replacing hard-coded
Dashboards track

performance, compare trends, and provide a visual

analytical tools. help overall
summary. Conversational Al can add a new level of
interaction and help ease the retrieval and interpretation
of customer-level evidence. This proposed architecture
thus defines the Al agent as providing additional
decision-making support. Its reliability depends on the
accuracy of the data provided for analysis, the evidence

retrieved, and the consistency of the explanations it

provides with the identified indicators. [23] This means
recommendations are only information to support a sales
action decision and should not be interpreted as

independent, actionable recommendations.
5.5 Discussion and Practical Implications

It explains the importance of deterministic customer
analytics and the need for customers to understand the
attributes of conversational Al that make it explainable in
enterprise sales intelligence. Converting transaction
records into customer-based indexes yields a structured,
customer-based understanding of commercial activity
and purchasing behavior. Together with evidence
retrieval and natural-language interpretation, these
indicators can provide more user-friendly sales
information and, in turn, support informed decision-
making. One important aspect of the proposed
framework is the split between Al-driven numerical
computation and interpretation. The Al part accesses and
clarifies the rationale behind the metrics for the customer,
while the customer's analytical procedures define the
metrics. This distinction will reduce unsupported
revenue numbers, improve purchase-relationship
recognition, and better track generated insights through
a combination of revenue, purchase frequency, product
activity, average order value, and recency details. They
can help sales teams focus on top customers, track
outdated accounts, and re-engage disconnected accounts.
These categories, however, are analytical signals only and

should not be used as absolute descriptions of customer
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behavior; they should be considered alongside other
business context. The other key principle, explainability,
is also a focus, along with accountability in Al-powered
sales decisions. Recommendations should be quantifiable
in key customer metrics and transaction evidence, and
users should be able to prove their impact before
implementation. Therefore, the Al agent serves as a
supplementary tool to support decision-making rather
than
dashboards. The results are limited by the dataset and the
proposed system's stage of development. The UCI Online

replacing human judgment and traditional

Retail dataset excludes customer relationship history,
sales interaction details, contract details, opportunity
stages, and customer sentiment in addition to transaction
data. For this reason, it cannot determine the root causes
of shifts in buying behavior. Moreover, the planned
conversational architecture has not yet been tested in
operation. The retrieval accuracy, explanation quality, and
relevance to recommendations need to be tested
empirically with typical enterprise data from companies
that sell products or services and validated against

independent sources.
5.6 Future Research

Future research should first adopt the proposed

architecture and compare performance using the
proposed reproducible analytical procedures. Document
data preparation, customer identification, revenue
calculations, segmentation thresholds, and customer
"account health" classification as scriptable logic so it is
reproducible and verifiable. The system should also be
tested to ensure it produces consistent sales answers, in
terms of numbers, whether it's asked in one way or
another. Further research is needed to explore the
effectiveness of evidence-based conversational Al with
representative enterprise sales data. Such datasets should
include relationship information, sales history, product
information, opportunity details, and other organization-
relevant data. This would enable scientists to study the
framework and determine whether it can support more
detailed account evaluations than transaction reports
dashboards

compared with conversational sales intelligence systems

provide. Conventional could also be
to evaluate differences in how information is retrieved,
tasks are accomplished, how accurately information is
interpreted, and user experience. A human evaluation
with sales representatives and managers would provide
whether  the

recommendations are practically useful for decision-

insights  into explanations  and

making. Future investigations will also examine data
privacy and access control, auditability, model reliability,
and human oversight. For instance, in areas where sales
information is critical and business decisions are being
made, these factors are crucial to implementing Al-driven
sales intelligence. Over time, this study would build
continuity in the field by adapting the framework to other
industries, assessing its success and effectiveness, and

exploring its potential for enterprise sales management.
6. Conclusions

The study presented a product-centric sales
intelligence framework that merges customer-level
analytics, proof-retrieval resources, and conversational
Al to support explainable enterprise sales decision-
making. The UCI Online Retail dataset, a daily retail
dataset from a Norwegian online retail store, was used to
build an analytical approach that generated customer
insights such as purchase frequency, recency, average
order value, product activity, and daily revenue. These
metrics can be used as a Cue for customers (For Customer
Segmentation) and as a Health Check for customer
accounts, retention, and reactivation opportunities. The
proposed framework addresses a key limitation of
current sales intelligence systems: connecting analysis
results to clear, fact-based, verified natural-language
explanations. It helps break the interpretative cycle of Al-
driven content and provides a more structured approach
to improving the traceability, consistency, and
Updates to the

conversational interface will complement dashboards by

interpretability of sales insights.

making  information more  customizable and
understandable for customers, while also giving humans
the time needed to make decisions. Sales Intelligence
remains a conceptual and analytical point of view in the
context of 'Explainable AI', but it still lacks real-world
implementation and empirical testing to prove its
effectiveness. Future work can then use representative
enterprise sales data to assess the accuracy of the
numbers, retrieval performance, explanation
performance, and the relevance of the recommendations.
In brief, the study offers hints for making enterprise-level
sales management Al solutions more transparent,

accessible, and fact-based.
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