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Abstract

The sales intelligence (SI) is highly dependent on the collaboration of data among various business functions in modern
enterprises. Cross-functional data modeling helps organizations to unify information available in sales, marketing,
finance as well and operations in cohesive structures in order to facilitate proper analysis and decision-making. Oracle
Data marts, which are modeled with dimensional modeling tools, offer topic-based repositories that enhance query
performance and actionable insights. This review presents an overview of the existing methodologies of cross-
functional data modeling and data mart design, best practices, integration issues, and enhancing the sales intelligence
system. The research indicates the significance of the organized, scalable strategies to assist with real-time and
predictive analytics in selling.
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1. Introduction

In the contemporary competitive business environment, organizations are highly reliant on the application of
information to make information-driven decisions to ensure that the organization has a strategic lead. The core of this
image is Intelligence Sales intelligence (SI), which provides business leaders with actionable information that can assist
in the sales strategy, enhance the effectiveness of the marketing campaigns, and improve the management of the
customer relationships. The modern business organizations generate enormous volumes of data in different business
operations functions that comprise CRM systems, ERP systems, marketing automation systems, as well as e-commerce
portals [1]. However, information stored in silos that are out of connection, and are in a different format, different
granularity, and frequency of updates, which is a significant challenge to consolidated reporting and real-time decision
making [2].

The Cross-functional data modeling provides a validation to address such integration problems in designing data
structures that will proceed to bind the heterogeneous data sources into coherent and analyzable forms. With the
incorporation of sales, marketing, financial, as well as operations information, the organizations can have a clear picture
of the performance measures, and yet the dynamics of each functional division remain alive [3]. It is very popular here
to use dimensional modeling like star and snowflake schema to create fact tables (to accommodate transactional
metrics, e.g., sales volume, revenue, and discounts) and dimension tables (to state contextual attributes, e.g., customers,
products, regions, and time periods) [4]. These models enable organizations to serve and process complex queries, trend
analysis, and cross-functional reporting in a very efficient and scalable manner.

Data marts are subsets of enterprise data warehouses and are subject-oriented orientated that is, focused on satisfying
the requirements of a specific business, i.e., sales analytics, marketing performance, or customer behavior tracking [5].
By analyzing the particular analytically demanded requirements of the individual business functions, data marts help
in achieving more success in data retrieval and processing as they simplify the complexity of queries and improve
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reporting lags relative to investigations of a full enterprise data warehouse. The grouping of data marts based on the
business functions further allows role-specific access and control, and the fact that the appropriate stakeholders can
receive the right and timely information without being overloaded with irrelevant data. Sales intelligence cross-
functional data marts integrate different datasets sales data, marketing, financial, and operations data, such that an
analyst can monitor KPI like pipeline conversion, performance by region, campaigns in real-time, etc. More complex
forms of analytics, including predictive models, trend forecasts, anomaly detection, and scenario analysis, are easier
with structured schemas and well-developed ETL pipelines. The studies are incorporated in this review into the design
of the data mart, the problem in the integration of heterogeneous sources, optimization of ETL processes, and supported
operational and strategic decision making, and demonstrate opportunities for real-time insights, prediction on Al, and
actionable enterprise intelligence [6].

2. Related work

The cross-functional data modeling and data mart design is the key to the realization of advanced sales intelligence in
enterprises. Since business is growing, their data is increasingly spread across different functions such as sales,
marketing, finance, and operations, which is a challenge to get a single reporting and decision-making. These mixed
types of data are captured in cross-functional data modeling as single analysis tools at the point where the organizations
can simultaneously analyze the performance in many forms at one point [7]. The business can use the performance by
region, sales trends, customer lifetime value, and campaign effectiveness as the key performance indicators that can be
monitored with the help of designing fact, dimension tables that will gather transactional data and contextual attributes.
Data marts are topic-oriented storage areas, providing performance-conscious access to these pooled data sets, to
dashboards, predictive analytics, and ad-hoc queries. Combining the optimized data mart design with the cross-
functional modeling increases the levels of agility, accuracy, and scalability of sales intelligence systems [8].

Table 1 Literature Review Table

Objective / Focus Methodology / | Key Findings Citation
Approach

Business intelligence in | Case study and | Highlighted the importance of integrated analytics | [7]

organizations literature synthesis across business functions for actionable insights

Dimensional modeling | Framework and | Emphasized star and snowflake schemas for | [8]

and data warehousing practical guidelines efficient cross-functional analysis

Enterprise data | Conceptual model Proposed DW 2.0 architecture supporting subject- | [9]
warehouse architecture oriented data marts

Advancing business | Literature review Identified best practices in multidimensional | [10]
intelligence techniques modeling and integration for BI systems

Business intelligence | Analytical review Highlighted the role of data marts in improving | [11]
concepts query performance and decision support

Data warehousing and | Survey Reviewed OLAP approaches, emphasizing cross- | [12]
OLAP systems functional data integration

Bl success factors Empirical study Demonstrated that proper cross-functional data | [13]

modeling improves Bl adoption and ROI

3. Design Considerations and Architecture

The cross-functional data mart design of the sales intelligence should be able to effectively balance the strategic
integration, scalability, and performance. One of the principles that the underlying considerations have is schema
design, whose efficiency directly influences the efficiency of data querying and analysis. The popularity of the
dimensional modeling, especially the star and snowflake structure, is based on the basis of simplifying complicated
cross-functional queries as well as clarifying data relationships. A star schema is a schema where the transactions, such
as sales revenue, order quantity, discounts, and returns, are stored in the central fact table, and dimension tables that
specify the context, e.g., customer profiles, product category, region, time, and marketing campaign [14]. The design
assists organizations in undertaking multi-dimensional analysis, such as the relation of marketing promotions to
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product sales, performance of different regions, or sales over time. This structure of the data simplifies query and
response time in addition to enabling advanced analysis techniques, e.g., prediction and aberration identification.

Marketing

Customer Region

FK_Customer
hJ

Sales_Fact

FK_Customer

Product Time

Figure 1 Star Schema for Cross-Functional Sales Data Mart

It is empirically believed that any organization that has integrated a cross-functional data mart structure in its sales
intelligence yields high returns on investment (ROI). To illustrate, examples of Al-enhanced CRM systems have been
reported to show returns in terms of ROI of up to 30, based on the traditional systems, which delivered around 20,
which is a 50 percent relative increase. Additionally, when companies make use of data-driven sales, they have been
found to increase productivity by 5-6 percent compared to other companies in the industry. The results of this study
emphasize the quantifiable importance of cross-functional data mart integration to sales intelligence platforms, as it
entails efficiency in operations and the ability to make better decisions.

The other factor is the workflow of ETL (Extract, Transform, Load), which forms the basis of data mart population, and
ensures that cross-functional data is correct, unchanging, and timely. The ETL process commonly involves data
extraction of different heterogeneous systems such as CRM, ERP, marketing automation, and e-commerce; data
transformation by way of standardization, elimination of errors, repairing duplicates, and incorporation of business
rules; and loading data to the target data mart in a way that will enable quick execution of queries [15]. Adequate design
of ETL helps companies to experience near real-time changes or scheduled changes, such that the insight of the most
up-to-date information is available to decision-makers. Also, when the ETL pipelines are powerful, the possibility of
inconsistency of information between departments is reduced, and this is particularly important when analyzing KPIs
that span across multiple functions, such as in the case of campaign ROI or regional sales performance.
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Figure 2 High-Level ETL Pipeline for Cross-Functional Sales Intelligence

Finally, it is necessary to ensure that analytical and operational performance considerations are put in such a way that
it can deliver real value by the data mart. Besides simple design, other characteristics such as indexing, partitioning, and
aggregation improve the speed and scalability of queries, therefore, enabling the analyst to make complex cross-
functional reports quickly. Such optimizations are particularly significant when the processing of large volumes of sales
and operating information of different departments and epochs is concerned. Well-designed data marts can be used to
facilitate interactive dashboards, predictive modeling, and ad hoc reporting, among other things, which give the
stakeholders a 360-degree view of the sales operations. Through incorporating data in areas of sales, marketing, finance,
and operations, the organizations can analyze the trends, the bottlenecks, as well as maximize the strategies using the
reliable and opportune insights [14,15]. In simple terms, a combination of thought-out schemas, ETL pipelines, and
performance-based structures will not have cross-functional data marts as a liability in the back office in terms of the
ability to drive sales intelligence by means of data utilization.

4. Implementation of Cross-Functional Data Marts for Sales Intelligence

The cross-functional data mart application in sales intelligence is a multi-faceted and strategic process, which is aimed
at developing a pool of data representing different business functions into one analysis platform. The initial one will be
the requirements gathering, which will include the sales, marketing, financial, and operations stakeholders to recognize
the most important KPIs, reporting requirements, and sources of data [16]. An example of these measures would be the
sales teams whose measures may include the lead conversion rates, pipeline value, marketing, whose measures may
include the campaign effectiveness, and the finance, which measures include the revenue reconciliation. The capture of
a wide range of requirements will ensure that one is assured of the ability to use the data mart to make holistic decisions
rather than function-based reporting. When the requirements are defined, a dimensional schema is drawn, which
consists of fact tables that record the transactional events and dimension tables that provide a context to the whole
system, such that it becomes easy to integrate and analyze it in different functional areas [17].
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Table 2 Implementation Steps for Cross-Functional Sales Data Mart

automated reports

Step Description Sub-Tasks / Activities | Expected Metrics Citation
Outcome
Requirement | Identify  KPIs, | Conduct stakeholder | Clear Completeness of | [16]
Analysis reporting needs, | interviews, workshops, | understanding of | requirements,
and data | and surveys; document | analytical goals | coverage of business
sources business processes; | and data | functions
map data sources and | requirements
formats
Data Design fact and | Define entities and | Optimized Schema [17]
Modeling dimension relationships; choose | structure for cross- | normalization, query
tables for the | Star or Snowflake | functional analysis | efficiency, number of
data mart schema; design | and query | dimensions/facts
surrogate keys; identify | performance
granularity
ETL Design Extract, Define extraction | Clean, consistent, | ETL success rate, | [18]
transform, and | schedules, and integrated | data freshness, and
load data from | transformation rules, | datasets ready for | transformation
source systems | data cleansing, and | analysis accuracy
validation logic; plan
incremental loads
Data Mart | Load data into | Execute  batch  or | Accessible and | Load duration, table | [19]
Population dimensional streaming loads; | query-optimized size, and indexing
tables implement partitioning | data for analytics efficiency
and indexing; ensure
referential integrity
Testing and | Validate data | Perform unit, | Accurate, reliable, | Error rate, data | [16]
Validation quality, integration, and system | and  performant | consistency, and
accuracy, and | tests; validate KPI | system ready for | query response time
system calculations; conduct | end-users
performance reconciliation with
source systems
Analytics and | Implement Build  visualizations, | Actionable User adoption, report | [17]
Reporting dashboards, KPIs, and alerts; | insights, trend | accuracy, time to
reports, and | implement predictive | analysis, and | insight
predictive analytics and trend | predictive
models forecasting; schedule | capabilities

The second step is devoted to ETL (Extract, Transform, Load) design and implementation, which will be the center of
implementation. ETL pipelines are utilized to access data in a wide array of systems, including CRM, ERP, marketing
automation systems, and e-commerce applications, and transform them into standard, clean, and deduplicated data and
load them into the data mart [18]. The transformation rules may include currency standardization, date format
alignment, or calculation of calculated metrics, including customer lifetime value or growth rate in sales. Fast ETL
pipelines are mandatory to maintain the same data consistency and also to offer near-real-time analysis that will enable
the decision-makers to respond swiftly to market trends and changes in operations. In addition, correctly drawn ETL
procedures will reduce the number of errors, reduce the latency, and cross-functional KPIs will reflect the business
environment appropriately.
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Figure 3 Implementation Architecture for Cross-Functional Sales Data Mart

Feedback and optimization implementation are also significant characteristics of deploying a cross-functional data mart
and should be observed all the time. After the initial deployment, organizations are expected to track ETL performance
and query execution time, and performance data quality indicators regularly to determine whether the system does not
become obsolete as business needs evolve due to changes in data volumes and sources. Feedback on the end-user level
will help to realize that there are areas of gaps in reporting, new KPIs to be observed, or new sources of data to be
incorporated. This is done in a cyclic manner to ensure the data mart is scalable, flexible as well and aligned with the
changing business requirements. Moreover, performance monitoring tools would be able to detect ETL pipeline
bottlenecks or slow-running queries and respond to them in order to take appropriate corrective actions and optimize
them in a timely manner [20]. Organizations can maintain a high level of system reliability and receive maximum

strategic value from their sales intelligence data mart with a monitoring and feedback loop.

« ETL Latency

= ETL Tuning
* Schema Adjustments
* Aggregation Updates

+ Data Quality

* Query Performance

* User Input

« KPI Adjustments
* New Data Sources

Figure 4 Monitoring and Feedback Loop for Cross-Functional Data Mart
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5. Security and Governance

Security and governance in this field are essential to ensure there is security of sensitive data, operational integrity, and
compliance with regulations. The adoption of such frameworks, as GDPR, HIPAA, and CCPA, is a systematic approach to
the management of data privacy, access, and risk. The system will be able to mitigate potential threats through powerful
encryption, role-based access control, continuous monitoring, and frequent audits. Besides this, compliance and
accountability through explicit policies, an incident response plan, and staff training also exist. (see Table 3)

Table 3 Security with governance

Framework | Key Focus Areas Implementation Measures
GDPR Data privacy, consent, subject | Consent management, data anonymization, access/delete
rights rights, data protection impact assessments
HIPAA Protection of health data (PHI) Encryption at rest and in transit, audit trails, strict access
controls, breach notification procedures
CCPA Consumer privacy, transparency | Opt-out mechanisms, data access/deletion requests, clear
disclosure of data usage, vendor compliance checks
General Risk management, monitoring, | Role-based access control, end-to-end encryption, continuous
Security and incident response monitoring, vulnerability testing, incident response plan
Governance Policy enforcement, compliance | Data classification policies, retention and deletion procedures,
reporting, and staff training automated compliance reports, regular training sessions

This structured approach ensures that security and compliance are not only maintained but also integrated into daily
operations, mitigating risks while meeting regulatory obligations.

6. Case studies

This section brings forth the real-life examples of the organization adopting the best data lakehouse technologies, such
as Snowflake, Amazon Redshift, and Google BigQuery, in the real world, indicating their advantages, difficulties, and
feasible results.

6.1. Snowflake Case Study

As alarge retailing chain, PacificRetail had difficulties in processing and analyzing enormous amounts of transactional
and customer information across numerous stores. The old data warehouses were incapable of delivering their data
needs at scale. To provide a solution to this, PacificRetail implemented Snowflake by taking advantage of its cloud-native
infrastructure to enable centralized storage, on-demand scalability, and simplify ETL activities. Consequently, the
company was able to accomplish faster data processing, real-time analytics, and decision-making. There was
streamlining of reporting processes, simplification of operations, and increased business agility.

6.2. Lennar Case Study Amazon Redshift.

As one of the biggest homebuilders in the United States, Lennar required a platform that would enable the consolidation
of different datasets, such as construction, sales, and customer service data, to facilitate high-level analytics. They
introduced Amazon Redshift to use as a serverless data lakehouse where structured and semi-structured data can be
merged to create one platform. This migration gave Lennar a singular perspective on operations, enabling it to execute
higher-order reporting and predictive analytics to plan projects and enhance efficiency, and cut the overhead costs in
infrastructure management. Redshift-based lakehouse helped the organization to make more effective decisions based
on data across all business units.

6.3. Google Big Data Case Study

TRM Labs, an analytics firm focused on blockchain, needed a platform that was scalable to handle petabyte-sized data
to detect fraud and analyze transactions. The classical architectures were slow and expensive, and thus could not
provide insights in time. The company embraced a data lakehouse built on Google BigQuery, and combined with Apache
Iceberg, to conduct extensive analytics at a low cost. The solution helped TRM Labs to serve user-facing dashboards
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with rapid queries, to cut down the costs of infrastructure, and to enhance the detection of patterns and anomalies in
blockchain transactions. The BigQuery lakehouse had the scalability and performance required to satisfy their analytical
requirements, which were data-intensive.

6.4. Quantifiable Success Metrics from Real-World Implementations

Real-world applications of cross-functional data marts and data lakehouse architectures have shown quantifiable
success across various industries. For instance, PacificRetail, a major retail chain, transitioned from legacy on-premise
systems to the cloud-native platform Snowflake to manage its expansive transactional and customer data across over
350 retail locations. As a result, ETL process times decreased by 65%, and dashboard response times improved by over
50%, dropping from 4.2 seconds to 2.1 seconds on average. Furthermore, sales forecasting accuracy increased by 18%
due to real-time integration of sales and marketing data, while the overall total cost of ownership (TCO) dropped by
30% through the adoption of Snowflake's pay-per-use model. Similarly, Lennar, one of the largest homebuilders in the
United States, adopted Amazon Redshift to unify data from construction, sales, marketing, and customer service. This
move resulted in a 3.5-fold improvement in query performance, with execution times decreasing from 9.3 to 2.7
seconds. Additionally, predictive analytics tools built on Redshift reduced project overrun risks by 22%, and
infrastructure costs were cut by 28% through auto-scaling capabilities. In the blockchain analytics domain, TRM Labs
needed high-performance analytics to detect fraud across petabyte-scale data. By migrating to a Google BigQuery
lakehouse integrated with Apache Iceberg, the company improved query performance by over 80%, enhanced fraud
detection accuracy by 24%, and lowered storage costs by 37% through intelligent partitioning and serverless compute.
These quantifiable outcomes underscore the tangible benefits of implementing cross-functional data solutions,
including faster data processing, improved decision-making, enhanced forecasting, and significant cost savings. The
metrics illustrate how strategic data architecture transformations directly impact performance, agility, and business
intelligence maturity across industries.

7. Limitations

The cross-functional data marts are designed with serious design and implementation challenges. Another important
factor is complexity in integrating data, which typically differ in format, coding standards, and granularity between sales
and marketing systems and between finance and operations systems, requiring sophisticated transformation rules,
some master data management (MDM), or unique ETL processes [21]. At times, it is difficult to plot and align similar
data fields within the departments, and thus, gaps or missing crucial context may arise. It is also limited by scalability
and maintenance since the volume of data grows, query efficiency is demanded with performance tuning, partitioning,
and indexing, and extensive ETL pipelines may cause a surge in latency, leading to an inability to report in real-time
[22]. In addition, data mart maintenance also adds storage and administration costs, especially when a new source of
data or KPIs is introduced (Figure 5).

Flexibility and data quality are also huge problems. The inconsistencies in updates of the data mart may also be further
extended by the mistakes in the source systems, the absence of values, or inconsistent updates that influence analytics
and cross-functional KPIs such as the ROI of the campaign or the trends in sales on a regional level [23]. Continuous
data profiling, validation, and governance are required, and this makes it more complicated and costly to operate. In
addition to that, analyst requirements and preset schema can be less flexible; a business strategy or business process
change can entail massive re-design of the schema, ETL pipeline, and dashboards [24]. Nevertheless, the described
shortcomings do not mean that risks may be ignored, but they should be a part of a well-thought-through plan, control,
and the use of the iterative optimization of the cross-functional data mart to ensure that it is an effective tool for the
overall sales intelligence.
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Figure 5 Limitations of Cross-Functional Data Marts

8. Conclusion

It is important that cross-functional data modeling and data mart design be applied to support effective sales
intelligence systems. Using the information of a variety of business processes, including sales, marketing, finance, and
operations, organizations will be able to see the overall performance in its full picture, unearth some hidden secrets,
and build data-driven decision-making. ETL pipelines are optimized and dimensions are modeled, so that transactional
and contextual data are properly represented and analytics are easily accessible. Although issues like complexity of data
integration, scaling, and varied business needs are evident, they can be addressed using best practices, such as
comprehensive requirements gathering, proper governance, and constant monitoring and optimization. The change
management aspect of cross-functional data mart implementation is also important. To be adopted successfully, the
organization should design institutional training on the different user roles, where employees are trained to know how
to access, interpret, and effectively use the data. A gradual rollout approach, pilot testing on a few teams, and continuous
support systems can assist users in moving to the new system smoothly with the least resistance and maximum
engagement. Adoption is further encouraged with the help of clear communications of benefits, practical workshops,
and documentation. In short, cross-functional data marts not only increase operational efficiency and reporting
accuracy, but they also create a platform to use in predictive analytics and advanced decision support. To realize these
technical capabilities, incorporating sound change management practices would ensure that the technical capabilities
are fully delivered by the users and thus are inseparable in contemporary sales intelligence planning.
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