Volume-06 Issue 07, July-2022 ISSN: 2456-9348 (Online)

SJIF Impact Factor: 5.004

INTERNATIONAL JOURNAL OF ENGINEERING TECHNOLOGY RESEARCH & MANAGEMENT (IJETRM)
Peer-Reviewed | Open Access | International Journal

https://ijetrm.com/

TECHNICAL RESEARCH REPORT

SCHEMA DESIGN FOR PRISM TABLES AND VIEWS: OPTIMIZING SQL-BASED
DATA MARTS TO FEED DOWNSTREAM BIRT LAYOUT ENGINES

A Data Modeling and Query-Performance Framework for Structuring Workday
Prism Analytics Datasets to Optimize BIRT Report Rendering

Ujwal Dyasani
Lead Software Engineer Integrations, St. Louis, Missouri

ABSTRACT

Business Intelligence and Reporting Tools (BIRT), an open-source Eclipse Foundation reporting engine, is
frequently embedded as a downstream rendering layer behind enterprise data platforms, including SQL-queryable
extracts published from Workday Prism Analytics. While Prism Analytics provides a flexible, Spark-based data
preparation environment for blending and publishing enterprise datasets, the schema design decisions made at the
point of dataset publication materially affect the query performance, layout complexity, and maintainability of
BIRT reports consuming those datasets downstream. This article presents a structured schema-design framework
for Prism-published tables and views intended to feed BIRT layout engines, addressing dimensional modeling
patterns (star versus snowflake versus denormalized wide-view designs), view-layer abstraction strategies,
indexing and partitioning considerations analogous to standard SQL data-mart practice, and BIRT-specific dataset
binding constraints such as parameterized query design and sub-report data-set reuse. Drawing on established
data-warehousing design theory, SQL query-optimization literature, and documented BIRT report-design
practice, the article develops a comparative performance framework illustrating render-time and maintainability
trade-offs across four schema design patterns, and proposes a recommended reference architecture for Prism-to-
BIRT reporting pipelines. The analysis indicates that star-schema and moderately denormalized view designs
generally outperform fully normalized or snowflake designs when the downstream consumer is a layout-oriented
rendering engine such as BIRT, because BIRT's report-item binding model favors flattened, join-minimized
datasets at the point of consumption. The article further documents common anti-patterns, a schema governance
checklist, and recommendations for organizations designing or refactoring Prism data marts intended for BIRT-
based reporting.

Keywords:
Workday Prism Analytics; BIRT; schema design; data mart; star schema; SQL query optimization; dimensional
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1. INTRODUCTION

Enterprise reporting architectures frequently separate the data-preparation layer from the report-rendering layer,
allowing each to be optimized independently: a data-preparation platform such as Workday Prism Analytics
handles ingestion, blending, and publication of analysis-ready datasets, while a dedicated rendering engine such
as BIRT (Business Intelligence and Reporting Tools), an Eclipse Foundation open-source project, handles layout,
pagination, and presentation formatting (Eclipse Foundation, 2020; Workday, Inc., 2020a). This separation of
concerns is architecturally sound, but it introduces a design responsibility that is easy to overlook: the schema
shape of the Prism-published table or view - its degree of normalization, its join structure, its column cardinality
- directly determines how efficiently the downstream BIRT report can bind, query, and render that data,
independent of how well the Prism dataset itself was constructed for analytical purposes.

Organizations that treat Prism dataset design and BIRT report design as fully independent activities - publishing
datasets optimized purely for analytical flexibility, then leaving report designers to write arbitrarily complex SQL
against those datasets inside the BIRT report designer - frequently encounter downstream symptoms: slow report
render times, brittle sub-report join logic, and layout designs that are difficult to maintain because the underlying
data shape does not align with the report's visual grouping structure (Eclipse Foundation, 2020; Kimball & Ross,
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2013). This article argues that these symptoms are frequently attributable to schema design decisions made
upstream, at the point of Prism dataset publication, rather than to deficiencies in the BIRT report design itself.
This article develops a structured framework for designing Prism-published tables and views specifically with
downstream BIRT consumption in mind, treating the combination of Prism schema shape and BIRT data-binding
behavior as a single, co-designed pipeline rather than two independently optimized stages. The research questions
guiding this study are as follows:

e RQI: How do established dimensional-modeling patterns (star, snowflake, denormalized wide-view)
perform when the downstream consumer is a layout-oriented rendering engine such as BIRT, rather than an
ad hoc analytical query tool?

e RQ2: What view-layer abstraction strategies best balance Prism-side maintainability against BIRT-side
query simplicity and render performance?

e RQ3: What indexing, partitioning, and materialization practices are most relevant to Prism-published
datasets given BIRT's typical query patterns (parameterized, grouped, paginated retrieval)?

e RQ4: What schema anti-patterns recur across Prism-to-BIRT reporting pipelines, and what governance
practices mitigate them?

The remainder of this article proceeds as follows. Section 2 reviews related literature on dimensional modeling
and embedded reporting engine design. Section 3 provides a technical overview of Prism schema constructs.
Section 4 describes BIRT's data-binding and rendering model. Section 5 details the research methodology.
Sections 6 through 10 present the dimensional modeling framework, view-abstraction strategies, comparative
performance analysis, indexing/partitioning guidance, and BIRT-specific binding design. Sections 11 through 13
address anti-patterns, governance, and reference architecture. Sections 14 through 17 discuss limitations,
recommendations, future research, and conclusions.
2. Background and Related Work
2.1 Dimensional Modeling Theory
The dimensional modeling discipline established by Kimball and Ross provides the foundational vocabulary for
the schema patterns examined in this article: fact tables representing measurable business events at a defined grain,
dimension tables providing descriptive context, and the star and snowflake schema patterns that arise from
different degrees of dimension-table normalization (Kimball & Ross, 2013). Kimball's guidance generally favors
star-schema designs for analytical query performance, on the basis that minimizing join count reduces query-
planner complexity and improves performance on typical aggregate queries (Kimball & Ross, 2013; Inmon,
2005).
2.2 SQL Query Optimization Literature
Relational query-optimization literature has long established that join count, predicate selectivity, and index
coverage are primary determinants of query execution cost, and that denormalization - trading storage redundancy
for reduced join complexity - is a standard technique for optimizing read-heavy reporting workloads at the cost
of write-side complexity and storage overhead (Garcia-Molina, Ullman, & Widom, 2008; Silberschatz, Korth, &
Sudarshan, 2019). These trade-offs are directly relevant to Prism dataset design, because Prism-published datasets
are read-heavy by construction - they exist specifically to be queried by downstream reporting tools - and therefore
sit squarely within the class of workload for which denormalization is generally favored.
2.3 Embedded and Open-Source Reporting Engine Design
BIRT, maintained under the Eclipse Foundation, is documented as a report-design and rendering engine
supporting dataset binding via SQL queries (including JDBC-based connections to a wide range of relational
sources), scripted data sources, and a report-item layout model in which visual elements (tables, lists, charts, cross-
tabs) bind to a defined dataset structure at design time (Eclipse Foundation, 2020). Independent BIRT
implementation guidance has consistently recommended minimizing in-report join complexity and pushing
transformation logic upstream into the data source wherever possible, because BIRT's report-item binding model
is optimized for flat, tabular dataset shapes rather than for executing complex relational logic at render time
(Barnes, 2013; Actuate Corporation, 2011).
2.4 Workday Prism Analytics Schema Capabilities
Workday Prism Analytics documentation describes the platform's capability to publish datasets as either flattened
tables or views incorporating join and aggregation logic performed during the Prism data-preparation stage, prior
to publication (Workday, Inc., 2019; Workday, Inc., 2020a). This publication-time flexibility is the structural basis
for the schema design framework proposed in this article: because Prism allows join and aggregation logic to be
resolved before publication, organizations have a choice about how much relational complexity to push upstream
into Prism versus leaving downstream for BIRT to resolve at render time.
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2.5 Positioning of This Study

Prior literature treats dimensional modeling theory, SQL optimization, and BIRT report design as largely separate

bodies of guidance. This article's contribution is to synthesize these three domains into a single schema-design

framework specifically for the Prism-to-BIRT pipeline, supported by a comparative performance analysis across

schema design patterns.

3. Overview of Prism Analytics Schema Constructs

Workday Prism Analytics exposes three principal publication constructs relevant to downstream schema design:

published tables (materialized, flattened output of a data-preparation pipeline), published views (logical

definitions resolved at query time, though Prism documentation generally recommends materialized tables for

performance-sensitive consumption), and calculated/derived columns computed during the data-preparation stage

rather than at query time (Workday, Inc., 2019; Workday, Inc., 2020a). Table | summarizes these constructs and

their relevance to BIRT consumption.

Table 1. Prism Analytics schema constructs and their relevance to downstream BIRT consumption.
Materialization Relevance to BIRT

Consumption

Prism Construct Definition

Behavior

Materialized output of a

Fully materialized at

Fastest query response;

published tables

(not materialized)

Published Table Prism data-preparation . . recommended for primary
pipeline P TEsn a3 BIRT report datasets
Logical definition layered Resolved at query time Useful for reusable

Published View atop one or more query filtering/aggregation

logic; monitor query cost

Calculated Column

Derived column
computed during data
preparation

Materialized with parent
table

Preferred location for
business logic vs. in-
report scripted
computation

Data Change Step

Transformation step
within the Prism
preparation pipeline (join,
pivot, aggregate)

Executed at pipeline run
time, upstream of
publication

Ideal location to resolve
join complexity before it
reaches BIRT

The distinction between published tables and published views is particularly consequential for BIRT report
performance: because a published view is resolved at query time, a BIRT report that queries a view layered atop
multiple joined tables effectively pushes join execution cost to the moment of report rendering, whereas a query
against a materialized published table incurs that cost only once, at Prism refresh time. This distinction underlies
much of the comparative performance analysis in Section 8.

3.1 Prism Data Type and Cardinality Considerations

Table 2 documents Prism-supported data types relevant to schema design decisions, together with typical

cardinality and indexing implications carried into the downstream SQL layer that BIRT queries against.

Table 2. Prism data

Prism Data Type

pes, cardinalit

Typical Use

Identifiers, codes,

profiles, and downstream schema design considerations.

Cardinality Profile

Downstream SQL/BIRT

Consideration
Good candidate for

Text (short) e Low-Moderate indexing and grouping
keys
oy Avoid as grouping or join
Text (long) Free-text descriptions, High/Unbounded key; exclude from
comments .
indexed columns
I Count's? identifiers, Variable EfﬁC}ent join and index
quantities candidate
Numeric Financial amounts, rates High \/?/ﬁg:gag:s?lt)lzrgr?ejitl?f:
(Decimal/Currency) ’ & p

row-level detail
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Period keys, transaction

Strong candidate for

Date/DateTime . Moderate partitioning and date-
timestamps : .S
dimension joins
Flags (c.g., is_vacant Efficient filter predicate;
Boolean ES (€L, 15 ’ Very Low (2 values) low value as sole

is_active)

grouping key

4. BIRT Layout Engine: Data Binding and Rendering Model
BIRT reports bind visual layout elements to one or more datasets, each defined by a SQL query (or scripted
equivalent) against a configured data source. Understanding BIRT's binding and rendering sequence is necessary
to reason about how upstream Prism schema shape affects downstream report performance and maintainability.

Figure 1. End-to-End Data Flow: Source Systems through Prism Schema to BIRT Rendering

Source
Data Layer

Prism Table /

View Schema

BIRT Layout
Engine

Figure 1. End-to-end data flow from source systems through the Prism schema layer to BIRT rendering.
4.1 Dataset Binding Sequence
e Data source connection: BIRT establishes a JDBC (or equivalent) connection to the relational source
exposing the Prism-published table or view.
e Dataset query execution: BIRT executes the report-designer-defined SQL query against the connected
source, retrieving the result set that will bind to report items.
e Report item binding: Table, list, cross-tab, and chart report items bind to columns of the executed dataset,
with grouping, sorting, and aggregation logic applied at the report-item level.
e Pagination and rendering: BIRT's layout engine paginates and renders the bound, grouped data into the final
report output format (PDF, HTML, or other supported formats).
4.2 Implications of the Binding Model for Schema Design
Because report-item grouping and aggregation in BIRT operate on the already-retrieved dataset result set, rather
than pushing additional aggregation back to the SQL source, a Prism schema design that pre-aggregates or pre-
joins data at the appropriate report grain reduces both the volume of data BIRT must retrieve and the layout-
engine processing required at render time. Conversely, a normalized schema that requires BIRT's dataset query to
perform multiple joins across several Prism-published tables shifts that computational cost into the report's query-
execution phase, which recurs on every report render rather than once per Prism refresh cycle (Actuate
Corporation, 2011; Eclipse Foundation, 2020).

BIRT Binding Stage

Data Source Connection

Table 3. BIRT binding-sequence stages,

Typical Performance

Sensitivity

Low (one-time per report
execution)

erformance sensitivity, and corres

Schema Design Lever

Connection pooling
configuration

onding

schema design levers.

Recommended Practice

Configure appropriate
JDBC pool sizing for
concurrent report load

Dataset Query Execution

High (scales with join
count and row volume)

Prism schema shape (star
vs. normalized)

Favor pre-joined/pre-
aggregated Prism tables
for primary datasets
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Moderate (scales with Column selection Limit dataset columns to
Report Item Binding column count and ouping key des 1’ n those required by the

grouping depth) grouping key g report layout

Moderate (scales with . Pre-aggregate to report

L . Row-level grain, pre- L Soe
Pagination/Rendering row volume and page . grain in Prism where
. aggregation .
complexity) feasible

5. Research Methodology

This study employs a design-framework and comparative-analysis methodology, synthesizing established
dimensional-modeling theory (Kimball & Ross, 2013; Inmon, 2005), SQL query-optimization principles (Garcia-
Molina, Ullman, & Widom, 2008; Silberschatz, Korth, & Sudarshan, 2019), and documented BIRT report-design
practice (Eclipse Foundation, 2020; Barnes, 2013; Actuate Corporation, 2011) into a unified schema-design
framework. The comparative render-time analysis presented in Section 8 uses illustrative benchmark figures
constructed to demonstrate expected directional performance relationships across schema patterns, consistent with
documented relational query-cost principles, rather than audited measurements from a single production
deployment.

Table 4. Summary of research methodology components.

Methodology Component Method Purpose
Schema Pattern Framework Synthesis of dimensional modeling | Establish four comparative schema
Development and SQL optimization literature design patterns

Synthesis of BIRT technical
documentation and implementation
guidance

Identify performance-sensitive

BIRT Binding Model Analysis binding stages

Comparative Performance
[llustration

Directional benchmark construction | Illustrate expected render-time

consistent with query-cost theory

trade-offs across patterns

Anti-Pattern Cataloging

Synthesis of implementation
guidance and practitioner literature

Document recurring pitfalls and
governance mitigations

6. Dimensional Modeling Patterns for Prism Data Marts

This section examines four schema design patterns applicable to Prism-published data marts intended for BIRT
consumption: fully normalized, snowflake, star, and denormalized wide-view. Each pattern represents a different
point on the normalization-versus-query-simplicity spectrum established in dimensional modeling theory
(Kimball & Ross, 2013; Inmon, 2005).
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Figure 2. Representative Star-Schema Design for a Prism-Published Data Mart

DIM_COST_CENTER

DIM_PERIOD

FACT_TRANSACTION

DIM_WORKER

(Grain: Txn x Period x Cost Center)

DIM_LEDGER_ACCOUNT

DIM_JOB_PROFILE

Figure 2. Representative star-schema design for a Prism-published data mart, with a central fact table and five
conformed dimension tables.
Table 5. Comparative structural characteristics of four schema design patterns for Prism data marts.

Schema Pattern

Structural

Join Complexity

Storage Overhead Maintainability

Description for BIRT Query
Third-normal-form . S High (single source
Fully Normalized tables; no redundant Helrglrle(rf)lrlilgg ‘[I:SJe (Sns Low of truth per
attributes P P attribute)
Dimension tables
Snowflake Schema | further normalized Moderate-High Low-Moderate Moderate

into sub-dimensions

Single fact table

Star Schema Jored] d1r§ sty o Low (smgle jom Moderate Moderate-High

denormalized hop per dimension)

dimension tables

Pre-joined, pre-
Denormalized Wide | aggregated flat None (single-table . Lovyer (redundant

. . High attribute updates
View table/view at report | query) .
required)

grain

6.1 Fully Normalized Pattern

A fully normalized Prism schema minimizes data redundancy by decomposing entities into distinct tables
connected via foreign-key relationships, consistent with third-normal-form design principles (Garcia-Molina,
Ullman, & Widom, 2008). While this pattern minimizes storage overhead and update anomalies, it requires a
BIRT report dataset query to execute the full join path across every table required to reconstruct the report's
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required attributes, which - per Section 4.2 - shifts join execution cost into the report's per-render query-execution
phase.

6.2 Snowflake Schema Pattern

A snowflake schema retains a fact table but further normalizes dimension tables into sub-dimension hierarchies
(for example, splitting a Cost Center dimension into separate Cost Center and Cost Center Category tables). This
reduces dimension-table redundancy relative to a star schema but increases the join path length required to retrieve
descriptive attributes, a trade-off generally discouraged in Kimball-style dimensional modeling guidance for
performance-sensitive reporting workloads (Kimball & Ross, 2013).

6.3 Star Schema Pattern

A star schema retains a single fact table joined directly to denormalized dimension tables, each containing all
descriptive attributes for that dimension without further normalization. This pattern is widely recommended in
dimensional modeling literature as the default choice for analytical and reporting workloads, because it bounds
join complexity to a single hop per dimension regardless of how many descriptive attributes are required (Kimball
& Ross, 2013; Inmon, 2005).

6.4 Denormalized Wide-View Pattern

A denormalized wide-view pattern resolves all required joins and aggregations during the Prism data-preparation
stage, publishing a single flat table or materialized view at the exact grain required by the downstream BIRT
report. This pattern eliminates join execution entirely from the BIRT dataset query, at the cost of higher storage
overhead from attribute redundancy and reduced flexibility for reuse across reports requiring a different grain.
Table 6. Design-consideration-to-pattern mapping for selecting a Prism schema design.

Design Consideration

Single report with fixed, well-
known grain

Best-Fit Pattern

Denormalized Wide View

Rationale

Eliminates join cost entirely for the
report's specific need

Multiple reports sharing common
dimensional structure

Star Schema

Balances reuse across reports with
bounded join complexity

Deeply hierarchical dimension
requiring drill-down reuse

Snowflake Schema (selectively)

Supports hierarchy reuse where
denormalization would be
excessive

Underlying source-of-truth dataset
feeding multiple downstream marts

Fully Normalized (at Prism
preparation stage only)

Preserves single source of truth
before publishing derived star/wide

marts

7. View-Layer Abstraction Strategies for BIRT Consumption
Beyond the choice of underlying schema pattern, organizations must decide how much transformation logic to
expose through a view layer versus embedding directly in materialized published tables. This section presents
three view-layer abstraction strategies observed across Prism-to-BIRT implementation patterns.

Abstraction

Table 7. View-layer abstraction strategies and their trade-offs for BIRT-consuming reports.

BIRT Query

i Recommended Use

Description . 34 Maintenance
Strategy Simplicity Burden Case
BIRT dataset
Direct Table queries Y . Moderate (one table LGy i
Efic to a single Highest e SR i) stable, well-defined
materialized grain
published table
A published view Reports requiring
. . performs light minor variation
Thm Reporting filtering/renaming High Low (e.g., date-range
View
atop one filter) on a shared
materialized table table
. . .A.pubhsh§d View Low (logic Ad hoc or
Composite Join joins multiple SO
. . Low-Moderate centralized in one exploratory
View materialized tables . .
. view) reporting where
at query time
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table proliferation is
undesirable

The Composite Join View strategy, while operationally convenient because it centralizes join logic in a single

reusable definition, reintroduces the join-execution-cost problem described in Section 4.2 at query time, and

should therefore be reserved for lower-volume or exploratory reporting contexts rather than high-frequency, high-

volume production BIRT reports.

7.1 Recommended Layering Sequence

e Layer | - Foundational materialized tables: resolve core joins and business logic once during Prism data
preparation.

e Layer 2 - Thin reporting views: apply report-specific filtering, renaming, or light calculated-column logic
atop Layer 1 tables.

e Layer 3 - BIRT dataset query: bind directly to Layer 2 views (or Layer 1 tables where no report-specific
variation is required), avoiding additional joins at this layer.

This three-layer sequence mirrors the tiered dataset architecture pattern documented in prior cross-functional

Prism reporting research, in which a small number of foundational datasets feed a larger number of function- or

report-specific downstream artifacts (Workday, Inc., 2020a).

8. Query Performance Analysis Across Schema Patterns

This section presents an illustrative comparative performance analysis across the four schema patterns introduced

in Section 6, expressed as mean BIRT report render time under a representative workload (a grouped, paginated

tabular report against approximately 250,000 underlying fact-grain rows).

Figure 3. Illlustrative BIRT Render-Time Comparison by Prism Schema Design Pattern

51 4.8s

0.9s

Mean BIRT Report Render Time (seconds)

T
Fully Snowflake Star Denormalized
Normalized Schema Schema Wide View

Figure 3. lllustrative BIRT render-time comparison by Prism schema design pattern (representative workload,
~250,000 fact-grain rows).
Table 8. Illustrative comparative BIRT render-time performance across four Prism schema design patterns.

. Relative Performance
Mean Query Execution Mean BIRT Render (vs. Denormalized Wide

Schema Pattern

Time Time (Total) View)
Fully Normalized 3.9s 4.8s 5.3x slower
Snowflake Schema 2.3s 3.1s 3.4x slower
Star Schema 0.9s 1.6s 1.8x slower
Denormalized Wide View 0.4s 0.9s Baseline (1.0x)

The relative ordering shown in Table 8 - denormalized wide view fastest, followed by star schema, then snowflake,
then fully normalized - is directionally consistent with established relational query-optimization theory, under
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which each additional join hop introduces both computational overhead and additional opportunity for suboptimal
query-plan selection, particularly for grouped and paginated queries typical of BIRT tabular reports (Garcia-
Molina, Ullman, & Widom, 2008; Silberschatz, Korth, & Sudarshan, 2019). The absolute figures in Table 8 are
illustrative and will vary by underlying database engine, index configuration, and hardware; the directional
relationship, however, is expected to hold generally across relational sources.

8.1 Render-Time Sensitivity to Row Volume

Table 9. Illustrative render-time sensitivity to underlying fact-grain row volume, by schema pattern.

Denormalized Wide Fully Normalized
Render Time

View Render Time

Fact-Grain Row Volume RLEYS Sche.m a Render
Time

10,000 rows 0.4s 0.3s 0.9s
100,000 rows 0.9s 0.6s 2.6s
250,000 rows 1.6s 0.9s 4.8s
1,000,000 rows 4.2s 2.1s 14.7s
5,000,000 rows 18.5s 8.9s 68.3s

Table 9 illustrates that the performance gap between schema patterns widens substantially at higher row volumes,
indicating that schema design choice becomes increasingly consequential as Prism data marts scale, and that
organizations anticipating growth in fact-grain row volume should weight schema design decisions toward star or
denormalized wide-view patterns even if a fully normalized pattern appears adequate at current data volumes.

9. Indexing, Partitioning, and Materialization Considerations

Beyond schema pattern selection, several standard SQL data-mart optimization techniques apply directly to Prism-
published tables consumed by BIRT reports. This section documents indexing, partitioning, and materialization
guidance adapted from established relational database design practice (Silberschatz, Korth, & Sudarshan, 2019;
Garcia-Molina, Ullman, & Widom, 2008).

Table 10. Indexing, partitioning, and materialization techniques applicable to Prism-published BIRT data
sources.

Optimization Technique

Applicability to Prism-

Typical BIRT Query

Implementation Note

Composite Index on
Grouping Keys

Published Tables

High

Pattern Benefiting

Grouped tabular reports
with multi-level grouping

Index should match the
BIRT report's group-by
column order where
possible

Align partition boundaries

Refresh Scheduling

Views (Section 7)

L High for time-series fact Reports filtered by with common report
Date-Range Partitioning period/date-range .
tables arameters period filters
P (monthly/quarterly)
Materialized View High for Composite Join | Ad hoc or exploratory Sl ieh limmel

reports against joined data

with Prism source data
refresh cadence

Covering Index for
Report-Specific Queries

Moderate

Narrow, high-frequency
reports with stable
column sets

Evaluate cost/benefit
given index maintenance
overhead

Column-Store
Consideration (where
supported)

Moderate-High for wide,
aggregate-heavy reports

Cross-tab and chart
reports with heavy
aggregation

Evaluate against
underlying database
engine capability

9.1 Partitioning Strategy Example
Table 11 illustrates a representative date-range partitioning scheme for a Prism-published journal-line fact table
feeding a suite of monthly and quarterly BIRT financial reports.

Partition Key Range

Table 11. Representative date-range partitionin

Approx. Row Count

scheme for a Prism-

Typical BIRT Reports
Querying This Partition

published journal-line fact table.

Retention Policy
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DA GO TR0, Retained indefinitel
Current fiscal quarter 1.2M - 1.8M rows current-quarter variance . Y
(active)
reports
Prior fiscal quarter 1.2M - 1.8M rows Quarter.—over-quarter Reta}med indefinitely
comparison reports (active)
. Annual trend and year- Fiingdl pardhin
Prior fiscal year 5M - 7M rows over-year comparison . .
retention policy
reports
Historical (2+ years prior) Variable Multi-year historical trend Arcl.n.ved/compressed
reports (lower frequency) | partition

10. BIRT-Specific Dataset Binding and Parameterization Design

Beyond general SQL schema design, BIRT imposes several tool-specific considerations relevant to Prism dataset
design, particularly around parameterized query design, sub-report data-set reuse, and computed-column
placement. This section documents these considerations and corresponding schema design recommendations.
10.1 Parameterized Query Design

BIRT reports commonly expose user-facing parameters (e.g., fiscal period, cost center, business unit) that are
bound to SQL query predicates at render time. Schema design decisions affect how efficiently these parameters
can be applied: a Prism-published table with well-indexed, low-cardinality filter columns (per Table 2) allows
BIRT parameter predicates to be applied efficiently, whereas a table requiring a calculated expression to derive
the filterable attribute at query time (rather than storing it as a materialized column) forces the database engine to
evaluate that expression across the full row set before filtering, negating index usage.

Table 12. BIRT parameter types and corresponding Prism schema support recommendations.

Parameter Type Recommended Schema Support Anti-Pattern to Avoid
Deriving period from a raw

Materialized date/period column,

Fiscal Period / Date Range

partitioned or indexed

timestamp via in-query function at
render time

Cost Center / Organizational Unit

Materialized foreign-key or code
column, indexed

Requiring a multi-table join solely
to resolve the filterable code

Categorical Flag (e.g.,
Active/Inactive)

Materialized boolean or low-
cardinality text column

Deriving the flag via complex
CASE logic evaluated per query

Free-Text Search Parameter

Dedicated search column with
appropriate text indexing where
supported

Applying wildcard LIKE predicates
against long free-text columns
without indexing

10.2 Sub-Report Dataset Reuse

BIRT supports sub-reports, allowing a master report to embed nested report sections bound to related datasets (for
example, a master cost-center summary report embedding a worker-level detail sub-report). A recurring anti-
pattern is designing the sub-report's dataset query to independently re-derive join logic already resolved in the
master report's dataset, rather than designing both datasets against a shared, pre-joined Prism table so that the
relationship between master and sub-report rows is a simple key-based filter rather than a redundant join re-

execution.

Table 13. Sub-report dataset design patterns and corresponding

Sub-Report Design Pattern

Description

Prism schema support.

Recommended Prism Schema
Support

Shared Foundational Table

Master and sub-report both query
the same underlying materialized
table at different grains

Single foundational Prism table
supporting both grains via
appropriate grouping

Independent Redundant Join

Sub-report re-executes join logic
already resolved in the master
report's dataset

Anti-pattern; consolidate into a
shared foundational table instead

Pre-Filtered Detail Table

A dedicated Prism table published
specifically at sub-report detail

Detail-grain published table with
indexed foreign key to master grain
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grain, keyed for master-row
filtering

10.3 Computed-Column Placement

BIRT supports computed columns defined within the report's dataset (via SQL expressions) or within the report
layout itself (via BIRT's expression language, applied to already-retrieved data). Table 14 documents
recommended placement guidance balancing Prism-stage pre-computation against report-layer flexibility.

Table 14. Recommended computed-column placement across the Prism-to-BIRT pipeline.

Rationale
Computed once at refresh time;
consistent across all consuming
reports
Presentation-only logic; does not
affect underlying data consistency
Inherently dependent on the
rendered row order and grouping

Computation Type Recommended Placement

Prism calculated column
(materialized)

Business-rule-based derived metric
(e.g., fully loaded cost)

Report-specific display formatting

(e.g., currency symbol, date format) BIRT report layout expression

BIRT report layout expression

Cross-row running total or rank (using BIRT's aggregate/running

functions)

context

Row-level conditional flag used for

Prism calculated column

Enables efficient indexed filtering
rather than per-row evaluation at

filtering

(materialized)

render time

11. Schema Anti-Patterns and Common Pitfalls
This section catalogs recurring schema design anti-patterns observed across Prism-to-BIRT reporting pipelines,
synthesized from the framework developed in Sections 6 through 10.
Table 15. Recurring schema anti-patterns in Prism-to-BIRT reporting pipelines and recommended

corrections.

Anti-Pattern

Description

Downstream Symptom

Recommended

Composite Join View as
Primary Report Source

High-frequency BIRT
report bound directly to a
multi-table join view
rather than a materialized
table

Slow render times at
scale; degrading further as
row volume grows

Correction

Materialize the join logic
into a published table
(Section 7)

Unindexed Parameter
Columns

Report parameters bound
to columns lacking
appropriate indexing

Full table scans on every
parameterized report
execution

Add composite index
matching common
parameter combinations
(Section 9)

Derived Filter Logic at
Query Time

Filterable business logic
computed via expression
rather than materialized
column

Index usage negated;
inconsistent logic across
reports reimplementing
the same expression

Materialize as a Prism
calculated column
(Section 10.3)

Redundant Sub-Report
Joins

Sub-report independently
re-executes join logic
already resolved in the
master report

Duplicated query cost;
inconsistent results if join
logic diverges over time

Consolidate onto shared
foundational table
(Section 10.2)

Uncontrolled Wide-View
Proliferation

Numerous report-specific
denormalized wide views
created ad hoc without
governance

Storage growth,
inconsistent business
logic across near-
duplicate views

Apply governance
checklist and tiered
dataset architecture
(Section 12)

Free-Text Grouping Keys

Report grouping applied
to high-cardinality free-
text columns rather than
coded/indexed keys

Poor grouping
performance; inconsistent
grouping due to text
variation

Introduce coded
dimension keys upstream
in Prism preparation
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A single published table
blends transaction-grain
Mixed-Grain Fact Tables | and summary-grain rows
without a clear grain
indicator

Ambiguous aggregation
results; double-counting
risk in BIRT aggregate
report items

Publish separate tables
per grain, or add explicit
grain-indicator column

The mixed-grain fact table anti-pattern is particularly consequential and easily overlooked: BIRT's report-item
aggregation functions (sum, average, count) will execute without error against a mixed-grain table, but will
silently produce incorrect results if summary-grain rows are inadvertently included alongside transaction-grain
rows in the same aggregate calculation, underscoring the importance of explicit grain documentation at the point
of Prism table publication.

12. Governance Checklist for Prism-to-BIRT Schema Design

This section consolidates the preceding framework into a structured governance checklist intended for use during

Prism dataset design review, prior to publishing a table or view intended for BIRT consumption.

e Has the target report grain been explicitly defined and documented prior to schema design?

e Has the schema pattern (star, snowflake, denormalized wide view) been selected deliberately based on the
design-consideration mapping in Table 6, rather than defaulting to whatever join structure is most
convenient to build?

e Are all report parameter columns materialized and appropriately indexed, rather than derived via expression
at query time (Section 10.1)?

e For any report exceeding an anticipated row volume threshold (recommended: 100,000 fact-grain rows),
has a denormalized or star-schema alternative been evaluated against the illustrative sensitivity data in
Table 9?

e Are sub-report datasets designed to reuse a shared foundational table rather than independently re-deriving
join logic (Section 10.2)?

e  Are business-rule-based derived metrics materialized as Prism calculated columns rather than recomputed
redundantly across multiple BIRT reports (Section 10.3)?

e Has the published table or view been registered in a central dataset inventory to prevent uncontrolled wide-
view proliferation (Section 11)?

e I[s the grain of every published table explicitly documented, with a grain-indicator column present for any
table combining multiple grains?

Table 16. Governance checklist categories, ownership, and recommended review points.

Numb.er of Checklist . . Recommended Review
Primary Review Owner .
Items ’ Point

Checklist Category

Grain and Pattern 2 Data Architect / Prism Design review, prior to

Selection Analyst build

Para.meter and Index ’ Prism Analyst / DBA Design review gnd pre-

Design production testing

Sub-Report and Reuse 2 BIRT Report Developer / | Design review, prior to

Design Data Architect build

Governance Registration ’ Reporting Center of PI'IOI: to Productlon
Excellence publication

13. Reference Architecture and Implementation Roadmap

Synthesizing Sections 6 through 12, this section proposes a reference architecture for organizations designing or
refactoring Prism-to-BIRT reporting pipelines, together with an illustrative implementation roadmap.

Table 17. Proposed four-layer reference architecture for Prism-to-BIRT reporting pipelines.

Architecture Layer Recommended Design Governing Section
Fully normalized or lightly
Foundational Layer denormalized Prism tables Section 6.1, 7.1

resolving core business joins once
Star-schema fact and dimension

Dimensional Mart Layer tables published from the Section 6.3
Foundational Layer
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Report-Specific Layer

Denormalized wide views or
materialized tables at exact report
grain, for high-frequency reports

Section 6.4, 7

BIRT Consumption Layer

Direct table binding or thin
reporting views only; no composite
joins at this layer

Section 4, 7, 10

Table 18. Illustrative implementation roadma

the four-la

or adopting

er reference architecture.

Implementation Phase H Illustrative Duration Key Activities Exit Criteria
. Document report Schema pattern selected
Phase 1: Grain and inventory, target grains,
Weeks 1 -3 and approved per
Pattern Assessment apply Table 6 pattern .
. report/report family
mapping
Phase 2: Foundational Build/validate Foundational tables
- Weeks 3 - 8 foundational Prism tables | published and reconciled
Layer Build . . .
resolving core joins against source
Phase 3: Build star-schema and/or | Layer tables published;
Dimensional/Report- Weeks 6 - 14 denormalized wide-view row counts and grain
Specific Layer Build layers per report needs validated
Phase 4: BIRT Report Refactor BIRT repo‘rt Reports vqlldated for
Weeks 10 - 18 datasets to bind against output parity and render-
Refactor L
new layered schema time improvement
) Apply checklist (Section | Governance checklist
FRlc])alllscfui (PN Weeks 14 onward 12) to all new and embedded in standard
existing datasets design review process

14. Limitations of the Study
Several limitations should be considered when interpreting this article's findings. First, the comparative
performance figures presented in Section 8 are illustrative estimates constructed to demonstrate directional
relationships consistent with established query-optimization theory, rather than controlled benchmark
measurements against a specific database engine, hardware configuration, or BIRT version; absolute render-time
figures will vary considerably across deployment environments. Second, this study focuses specifically on the
Prism-to-BIRT pipeline and does not address how the proposed schema design framework generalizes to other
downstream rendering engines with different binding models. Third, the governance checklist in Section 12
reflects a synthesis of established design principles rather than validated outcome data from tracking checklist
adoption against measured report performance improvement over time. Fourth, the article does not address non-
relational or semi-structured data source scenarios, which fall outside standard SQL-based data-mart design
practice.
Table 19. Summary o ested mitigations for future research.
Suggested Mitigation for Future
Studies

study limitations and su,

Limitation

Potential Effect on Findings

[Nlustrative (not benchmarked)
performance figures

Absolute render-time figures may
not generalize across environments

Controlled benchmark study across
representative database engines

Single downstream engine (BIRT)
scope

Findings may not directly
generalize to other rendering
engines

Comparative study across multiple
embedded reporting engines

Unvalidated checklist adoption
outcomes

Checklist effectiveness not
empirically confirmed

Longitudinal tracking of checklist
adoption vs. report performance
metrics

SQL/relational scope only

Findings do not address non-
relational source scenarios

Extension study addressing semi-
structured or NoSQL-backed
reporting sources

IJETRM | https://ijetrm.com

[200]

© Author(s) | CC BY 4.0 International License.



https://ijetrm.com/
https://ijetrm.com/

Volume-06 Issue 07, July-2022 ISSN: 2456-9348 (Online)

SJIF Impact Factor: 5.004

INTERNATIONAL JOURNAL OF ENGINEERING TECHNOLOGY RESEARCH & MANAGEMENT (IJETRM)
Peer-Reviewed | Open Access | International Journal

https://ijetrm.com/

15. Recommendations

Synthesizing the framework and findings presented above, this section consolidates recommended practices for

organizations designing or refactoring Prism data marts intended for BIRT-based reporting.

e Define the target report grain explicitly before beginning schema design, and select a schema pattern
deliberately using the design-consideration mapping in Table 6 rather than defaulting to convenience.

e Favor star-schema or denormalized wide-view patterns for high-frequency, high-volume BIRT reports,
reserving fully normalized or snowflake patterns for the foundational Prism layer that feeds those
downstream marts.

e  Materialize business-rule-based derived metrics and filterable business logic as Prism calculated columns
rather than recomputing them via expression at BIRT query time.

e Design sub-report datasets to reuse shared foundational tables rather than independently re-deriving join
logic already resolved elsewhere in the reporting pipeline.

e Apply appropriate indexing and, for high-volume time-series fact tables, date-range partitioning aligned
with common BIRT report parameter filters.

e Adopt the four-layer reference architecture (Table 17) to separate foundational, dimensional, report-
specific, and BIRT-consumption concerns explicitly.

e Embed the governance checklist (Section 12) into the standard Prism dataset design review process, rather
than applying it only retroactively to underperforming reports.

Table 20. Prioritized recommendation summary mapped to the reference architecture implementation phase.

. Implementation Phase (Reference et
Recommendation AtEse Neve) Priority

Explicit grain and pattern selection | Phase 1: Assessment Critical
Star/denormalized pattern for high- Phase 3: Report-Specific Layer Critical
frequency reports

Matenah.ze derived metrics and Ve 2155 Leier 18] lsfizin
filter logic

Shared foundational table for sub- Phase 4: Report Refactor High
reports

Indexing and partitioning alignment | Phase 2/3: Layer Build High
Four—@ayer reference architecture All Phases Critical
adoption

Goyemange O AR G 2 i Phase 5: Governance Rollout Medium-High
design review

16. Future Research Directions

This study suggests several directions for further research. First, controlled benchmark studies measuring actual
render-time performance across the four schema patterns examined in Section 6, using a consistent database
engine, hardware configuration, and BIRT version, would strengthen the illustrative directional findings presented
in Section 8 with empirically validated figures. Second, comparative research extending this framework to other
embedded reporting engines with different data-binding models - such as JasperReports or Crystal Reports - would
help organizations evaluate whether the star-schema and denormalized wide-view preference established here for
BIRT generalizes across the broader embedded-reporting-engine category. Third, longitudinal research tracking
organizations that adopt the governance checklist proposed in Section 12 against measured report performance
and maintenance-burden outcomes over time would help validate the checklist's practical effectiveness beyond its
theoretical grounding. Finally, as Prism Analytics and comparable embedded data-preparation platforms continue
to add native materialized-view and incremental-refresh capabilities, research into how these evolving capabilities
shift the optimal balance between foundational-layer normalization and report-specific-layer denormalization
would help keep this framework current as the underlying platforms mature.

17. Conclusion

This article has presented a structured schema-design framework for Prism-published tables and views intended
to feed downstream BIRT layout engines, synthesizing established dimensional-modeling theory, SQL query-
optimization principles, and documented BIRT report-design practice into a unified set of design
recommendations. The analysis indicates that schema design decisions made at the point of Prism dataset
publication have a direct and, at scale, substantial effect on downstream BIRT report render performance, because
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BIRT's report-item binding model is optimized for flat, join-minimized dataset shapes rather than for resolving
relational complexity at render time. The comparative analysis in Section 8 indicates that star-schema and
denormalized wide-view patterns generally outperform fully normalized or snowflake alternatives for this specific
downstream consumption pattern, with the performance gap widening substantially as fact-grain row volume
grows. At the same time, the anti-pattern catalog in Section 11 and the governance checklist in Section 12
underscore that sustained schema quality depends on deliberate design review discipline, not solely on selecting
the correct schema pattern in isolation. Organizations designing or refactoring Prism-to-BIRT reporting pipelines
are best served by treating Prism schema design and BIRT report design as a single, co-designed pipeline -
structured through the four-layer reference architecture proposed in Section 13 - rather than as two independently
optimized stages separated by an uncoordinated handoff.
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Appendix A: Glossary of Terms

Table A-1. Glossary of key terms used throughout this article.

BIRT (Business Intelligence and Reporting Tools)

Definition
An open-source Eclipse Foundation reporting engine
supporting SQL-bound dataset queries and layout-
based report rendering.

Star Schema

A dimensional model consisting of a central fact table
joined directly to denormalized dimension tables.

Snowflake Schema

A dimensional model in which dimension tables are
further normalized into sub-dimension hierarchies.

Denormalized Wide View

A flat, pre-joined table or view published at a specific
report grain, minimizing downstream join
requirements.

The level of detail at which each row of a table or

ain .
(i dataset is defined.

A table representing measurable business events or
Fact Table transactions, typically joined to one or more dimension

tables.

Dimension Table

A table providing descriptive, typically low-cardinality
context for a fact table (e.g., cost center, period,
worker).

Materialized View

A database object storing the pre-computed result of a
query, refreshed on a defined schedule rather than at
query time.

Data Binding (BIRT)

The process by which a BIRT report item is connected
to a dataset column for rendering.

Composite Index

A database index defined across multiple columns,
often used to optimize multi-column filter or grouping
predicates.

Partitioning

A database technique dividing a large table into
smaller, more manageable segments, typically by a key
such as date range.
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Appendix B: Supplementary Data Tables
This appendix provides additional illustrative data tables supporting the analysis in the main body of the article,
including an extended schema pattern comparison and a consolidated BIRT report-type-to-schema mapping

reference.

B.1 Extended Schema Pattern Comparison

Table B-1. Extended comparison of s

chema desig

n

patterns across additional evaluation dimensions.

Co.mpar¥son Fully Normalized = Snowflake Schema Star Schema Den.o rma.l ized
Dimension Wide View
Join Count (Typical
e Oram) 5-10+ 3-6 1-3 0
Storage .. .
Redundancy Minimal Low Moderate High
Update/Refresh Low (single source Higher (redundant
Complexity of truth) EAR ST LBLGED attribute updates)
Suitability for High-
Frequency BIRT Low Low-Moderate High Highest
Reports
Suitability for
Foundational/Sourc Highest High Moderate Low
e-of-Truth Layer
Typical Row- High (degrades o
Volume Sensitivity | quickly at scale) Moderate-High Moderate Low

B.2 BIRT Report-Type-to-Schema Mapping Reference

Table B-2. Mapping of common BIRT report item

pes to recommended Prism schema

patterns.

BIRT Report Item Type

Simple Tabular List

Typical Data Shape Required

Flat, row-level detail at report grain

\ Recommended Schema Pattern
Denormalized Wide View or Star
Schema

Grouped Table (multi-level
grouping)

Flat detail with indexed grouping
key columns

Star Schema (with composite
index) or Denormalized Wide View

Cross-Tab

Pre-aggregated summary at cross-
tab row/column intersection grain

Denormalized Wide View (pre-
aggregated)

Chart (bar, line, pie)

Pre-aggregated summary at chart
category grain

Denormalized Wide View or Star
Schema with aggregate query

Master Report with Sub-Report

Shared foundational table
supporting both master and detail
grains

Star Schema with shared
foundational layer (Section 10.2)

B.3 Illustrative Storage Overhead by Schema Pattern

Table B-3. Illustrative relative storage overhead b

Schema Pattern

schema pattern for a
Ilustrative Storage Footprint

ixed fact-row volume.

Primary Storage Driver

Fully Normalized

(1M Fact Rows, Relative Index)

1.0x (baseline)

Minimal redundancy; storage
driven by row count and key
columns

Additional sub-dimension tables

Snowflake Schema 1.1x-1.3x .
and foreign keys
D li i i ttribut
Star Schema | 4x - 1.8% enormalized d1rpen51qn attributes
repeated across dimension rows
. . . Full attribute redundancy at fact-
Denormalized Wide View 2.0x - 3.5x+ v .bu ¢ redundancy ¢
row grain
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