01010

S0 information

Article

Software Development of Business Intelligence Dashboards:
Empirical Study of COSMIC ISO/IEC 19761 Size-Based Effort
Estimation Using Machine Learning Techniques

Ammar Abdallah *©, Alain Abran 22, Munthir Qasaimeh 3 and Donatien Koulla Moulla *

W) Check for updates ‘

Academic Editors: Prabhat Mahanti
and Kalpdrum Passi

Received: 29 June 2026

Revised: 5 September 2026
Accepted: 9 September 2026
Published: 11 September 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

King Talal School of Business Technology, Princess Sumaya University for Technology, Al-Jubeiha,

P.O. Box 1438, Amman 11941, Jordan

Department of Software Engineering and Information Technology, Ecole de Technologie Superieure (ETS),
Montreal, QC H3C 1K3, Canada

Department of Computer Engineering and Software Engineering, Polytechnique Montreal, Universite de
Montreal, Montreal, QC H3T 0A3, Canada

Centre for Augmented Intelligence and Data Science, School of Computing, University of South Africa,
Johannesburg 1709, South Africa

Correspondence: a.qasaimeh@psut.edu.jo

Abstract

Measuring the functional size of business intelligence (BI) and digital marketing analytics
dashboard development can provide quantitative input for estimating the required time
and cost of software development efforts. However, digital analytics practitioners currently
lack practical guidance for planning dashboard development using measurement-based
inputs that support reliable estimation models. Therefore, this study proposes the first
Common Software Measurement International Consortium (COSMIC) ISO/IEC 19761
framework to measure the functional size of software user requirements of Power BI, Data
Studio, and Tableau. An empirical study was conducted to measure the functional sizes of
two datasets based on COSMIC. These functional sizes were considered inputs to several
machine learning (ML) models to predict the effort required for BI dashboard development.
The outcomes of these ML models showed that projects with consistent, low-variability
effort should be prioritized when collecting or selecting data for training effort-estimation
models and recommended the use of Stacking Regressor, Linear Regression, and Voting
Regressor models for similar datasets because these models recorded the highest standard-
ized accuracy for predicting BI development efforts with high generalization performance.
These findings demonstrate the importance of applying COSMIC as a software engineering
standard to BI and digital marketing analytics projects by offering measurements that allow
for decisions informed by data rather than intuition or guesswork.

Keywords: business intelligence (BI); common software measurement international consortium
(COSMIC); software effort estimation

1. Introduction

Business intelligence (BI) allows organizations to collect, transform, and visualize data
through dashboards that provide insights into key performance indicators (KPIs) [1-5]. BI
is increasingly important for organizations to enable data-driven decision-making in many
industries, such as digital marketing, manufacturing, retail, education, and health. BI dash-
boards play this role by synthesizing complex data and offering easier and more accessible
decision-making dashboards [6]. Dashboard development must integrate business and user
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requirements, including custom dashboards tailored to specific user contexts and business
requirements, such as custom selections and drilldowns [6,7]. Their development requires
proper planning, including collecting requirements (e.g., a digital marketing dashboard),
designing, and integration with backend processes, such as data extraction, transformation,
loading (ETL), and online analytical processing [8].

To effectively plan Bl and digital marketing analytics dashboard software development,
it is important to implement some of the best practices in software engineering, such as
measuring the functional size of the software requirements and using such software size
as the key quantitative input to estimate the required development effort and the related
software development cost. Functional size-based effort software estimation is important in
software project management to ensure that software is delivered as planned, considering
time and budget [9].

Functional size measurement (FSM) standards based on functional user requirements
lead to measurement results that are consistent across teams and domains, easy to un-
derstand, and correlated with the effort required to design, build, test, and maintain
software [10,11]. Of the five current FSM ISO standards (IFPUG (ISO/IEC 20926), MKII
(ISO/IEC 20698), NESMA (ISO/IEC 24570), and FISMA (ISO/IEC 29881) and Common
Software Measurement International Consortium (COSMIC)—ISO/IEC 19761, COSMIC is
the only one considered for the second-generation FSM. It is based on software engineering
principles and is applicable to various domains, such as mobile applications, web applica-
tions, assembly programs, the Internet of Things (IoT), and real-time applications [11].

None of the studies in the literature have directly investigated the feasibility and
relevance of FSM in BI and digital marketing analytics dashboard development and effort
estimation. However, some studies have been conducted on sizing data warehouses using
the COSMIC FSM. The studies in [12-14] proposed the use of the COSMIC FSM method
to size data warehouse systems. They illustrated that COSMIC can be applied to layers
in data warehouse systems, including various components, such as data staging areas
and data marts. In addition, the COSMIC group published a public data warehouse
guideline to demonstrate how the COSMIC FSM is applied in data warehouse system
measurements [15]. However, these studies are limited to data warehouse environments
and do not extend to other Bl architectural layers (such as data presentation, processing,
and data sources) and do not apply COSMIC FSM to BI dashboard development and effort
estimation. Therefore, there is a gap in addressing the functional size measurements of all
Bl architectural layers in the context of dashboard development.

Consequently, BI dashboard and digital analytics practitioners lack guidance on how
to plan dashboard development based on measurements that can be used as key inputs for
estimating time and cost. Therefore, this study makes the following contributions:

1. It offers the first theoretical COSMIC application for BI dashboard development.
This is a novel theoretical basis that presents BI dashboard setups as measurable
software components.

2. It has the potential to be replicated as a guideline in BI dashboard development.

3.  An empirical study was conducted with 150 BI dashboard development for digi-
tal marketing projects and machine learning techniques were used to estimate the
software development efforts.

4. It offers a theoretical alignment between COSMIC and Vercellis’ methodology [16] for
implementing BI platforms and explains how COSMIC can be used to assist in the
project management of BI phases.

The remainder of this paper is organized as follows: Section 2 presents the related work
on sizing software using COSMIC-ISO 19761. Section 3 presents the sizing of three-layer BI
dashboard development projects with COSMIC software functionality. Section 4 presents
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the empirical research methodology approach to investigate the size—effort relationship in
a set of 150 BI dashboard projects developed with Data Studio. Section 5 presents a data
analysis of the size—effort relationship using machine learning (ML) techniques. Section 6
presents a discussion of the results, and Section 7 concludes the paper.

2. Related Work on Sizing Software with COSMIC—ISO 19761

A large body of literature exists on sizing software that uses COSMIC. For example,
the study in [17], on a COSMIC automated measurement prototype, includes a case study
on two X86 assembly programs from the embedded systems industry. These measurement
results can be useful for effort and cost estimations in embedded software projects and for
benchmarking. The study in [18] mapped the COSMIC concepts to the ARM assembly
program and presented a COSMIC FSM procedure to measure, reporting that applying
the functional size in COSMIC function points (CFPs) on an ARM program can benefit the
embedded systems industry, such as IoT and portable devices, and will help the compiler
industry, as the CFP count can provide insights into the difference between the sizes of the
two compilers.

The study in [19] presented a COSMIC-based approach to address the functional size
measurement of IoT devices by presenting mapping guidelines and best practices for using
COSMIC to quantify the size of IoT devices developed by the ESP8266 System-on-Chip
(SoC) using the Arduino platform. The study reported that measuring the functional size
of an IoT device is important for maintenance. For real-time embedded software (RTES)
projects, studies [19,20] recommend using COSMIC FSM as a standard method for the FSM
of IoT devices.

Other studies have proposed innovative approaches for applying COSMIC to software
codebases. For example, the study in [21] proposed a measurement for the functional size
of any software written in the C programming language and recommended that COSMIC
FSM be used for benchmarking and estimation purposes for projects in the C programming
language. The study in [22] developed a COSMIC FSM programming language compiler
to automatically calculate the COSMIC functional size based on the source code, which can
track the functional size during the software development life cycle and workflow.

Other studies [11,23] proposed the application of COSMIC FSM in the emerging
field of quantum computing. The study in [11] proposed Q-COSMIC as a standardized
method for measuring the functional size of quantum computing by extending the COSMIC
(ISO/IEC 19761) functional size measurement method. Applying COSMIC to quantum
computing will allow organizations to manage quantum projects with a level of capability
similar to that in classical software development.

The literature on estimating mobile development efforts, such as [24], posits that ap-
plying COSMIC to mobile application size estimation is effective in managing development
projects. Moreover, Ref. [25] mapped COSMIC and the Unified Modeling Language (UML)
to estimate the size of mobile applications. In addition, the study in [26] applied COSMIC
to 18 mobile applications for postnatal care and reported that COSMIC is a reliable method
for sizing software in mobile applications and healthcare. In the study in [27], a regression
model was presented to predict the test effort for mobile applications using COSMIC, which
can be used at the start of the mobile app testing life cycle. The results showed that it is
suitable and provides good predictions using multiple linear regression for the employed
dataset of mobile applications.

The study in [28] reported that COSMIC is widely used in various industrial applica-
tions, such as the following:

1.  The automotive industry, where Renault used COSMIC to estimate project effort and
cost for embedded control units (ECUs) in vehicles.
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In agile software development, organizations have replaced story points with COS-
MIC function points (CFPs) for effort estimation. This has led to more accurate esti-
mates that improved predictability in scrum-based projects and was later confirmed
in the context of agile software projects [29].

COSMIC has been integrated into tools such as MATLAB Simulink, UML models,
and CASE tools, enabling automated FSM [28].

Other COSMIC applications include the following:

Web applications, such as in [30], with a measurement procedure designated as an
object-oriented hypermedia COSMIC function point (OO-HCEFP) for automatically
sizing web applications developed with a model-driven web development method.
Effort estimation based on machine learning, such as in [29], which compared COS-
MIC FSM with story points using a support vector regressor (SVR) model for ef-
fort prediction. The results revealed that the COSMIC FSM is more accurate than
story points.

A COSMIC-based measurement framework for Google Analytics in [31] and its
application in estimating effort (e.g., hours).

In addition to other examples, such as using COSMIC to measure enterprise archi-
tecture [32], further guidelines and practical applications are documented on the
COSMIC official website [33].

3. Sizing the Software Functionality of a Three-Layer BI Dashboard
Development Project

3.1. Overview of the COSMIC (ISO 19761) FSM Method

According to [34], COSMIC sizing is divided into the following phases:

Strategy phase: this phase includes the identification of the measurement scope,
purpose, software boundaries, layers, and services provided by the software (known
as functional user requirements, FURs).

The mapping phase includes the identification of functional processes and data
movements and maps the functional user requirements to the COSMIC Generic
Software Model.

The measurement phase included calculating the size by counting the data movements
for each function. COSMIC function points (CFPs) were used as the measurement units.

One CFP is assigned to each data movement of a single data group. Data movement is

a core concept in COSMIC and corresponds to the interaction between functional users and

software applications. COSMIC defines four (4) types of data movements as follows:

Entry (E): the data group moved from a functional user to the software;
Exit (X): a data group moves from software to a functional user;

Write (W): a data group moved from software to persistent storage;
Read (R): a data group is transferred from persistent storage to software.

Figure 1 illustrates an example of data movement for a given software application.

The functional size of such software is calculated by summing all data movements across

all functional processes, as shown in Equation (1).

Size(functional processes) = X size(Entries) + X size(Exits) + Lsize(Reads) + X size(Writes) (1)
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Figure 1. Data movements for a given software application [34].

3.2. Sizing Strategy for Sizing a Dashboard Using Three Distinct BI Tools

The sizing strategy phase consists of determining the purpose and scope of the mea-
surement, followed by the identification of the functional requirements, software layers,
software functional users, and related software boundaries.

3.2.1. Purpose of Sizing

The purpose of measurement refers to “to a statement that defines why a measurement
is being made, and what the result will be used for” [34]. The purpose of measuring the
functional size is to develop a dashboard using three distinct BI Tools (Data Studio, Power
BI, and Tableau), which include various measurement purposes and can be determined
based on the parties involved.

e  To plan the resources required for designing and developing dashboards using the
specified BI tools based on the estimates;

e  Measure the change in functional requirements to manage scope as the project progresses;

e  Once a project is completed, the functional size is measured to calculate the productiv-
ity of the development project.

3.2.2. Scope of Measurements

The scope of measurement is referred to as a “set of functional user requirements to be
included in a specific functional size measurement instance” [34]. The scope of measuring
functional size is limited to the Software Being Measured and is based on the purpose of
the measurement. For example:

e  Scope for the whole application: “If the objective is to identify the productivity of a
software project across one piece of software and is on one technical platform”;

e  Scope for each piece of software in each layer: “If the objective is to measure a software
across multiple architectural layers, the work output of each layer should be measured
independently under a separate measurement scope, and the results then aggregated
to reflect the full project effort”;

e  Scope for each application: “If the objective is to measure the total size of an application
portfolio, a separate measurement scope should be defined for each application and
should be measured separately”.

Therefore, based on the three-layer architecture illustrated in Figure 2, the scope of
measuring the functional size resulting from the development of a dashboard is defined
for each layer (e.g., data presentation, data processing, and data source layers) separately.
Functional users, as determined by the measurement’s purpose and scope, are not limited
to human operational users of the delivered dashboard; they may include other software

https://doi.org/10.3390/info17090884


https://doi.org/10.3390/info17090884

Information 2026, 17, 884

6 of 31

components and external systems with which the measured software exchanges data. The
data-source layer is measured specifically where genuine development effort was required
to address it—for example, where connectors or data movements to an external database,
API, or cloud platform had to be developed or modified as part of the project. Functionality
already supplied by an external system, requiring no development work, is not attributed
to the measured software’s size.

&

Delivered Software

¥

User interface and visualization

Presentation Laver

u e e e e o i

g

<

e Data preparation and transformation

E Processing Layer

=]

= | pmmmmmmemmn e I

© | Calculated || Daw | | DAX |

]

A | fields 1! blending | | formulas |
______________________ Vo ___.
| Power | i_";{e'g_u]a}"] | CASE |
__auery | | enpressions | | statements |
___________________________________ .
| and more !

DataLayer |
i Google | i Google | i Cloud :
Y ! Analytics i ! BigQuery i ! Storage i
S
éo T T T
%! ! SQL o APIs | ! Extracts |
Tg“' | L v} (hyper)
2 Y |
M i and more... i

Figure 2. The proposed three-layer architecture layer of a dashboard development.

3.2.3. Identification of the Functional User Requirements (FURs)

According to [34], COSMIC defines an FUR as a “sub-set of the user requirements
describing what the software shall do, in terms of tasks and services”. Accordingly,
an FUR is derived by the measurer from software engineering artifacts (e.g., use cases,
user stories, architecture, and E/R diagrams) that can be produced before the software
implementation. Consequently, the functional size of the dashboard can be measured
prior to its deployment.

Table 1 illustrates the most common FUR for developing a dashboard based on BI
tool documentation.

e Data Studio documentation [35];
e  Power Bl documentation [36];
e Tableau documentation [37].
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Table 1. Most common functional user requirements (FURs) for developing a dashboard using three
distinct BI tools.

Functional User
Requirements (FURs)

BI Tools Environment Description for Power BI, Data Studio and Tableau

Connect to data sources

The system connects to SQL, Excel, AP, and Cloud in Power BI and Tableau and to
Google Analytics, BigQuery, Excel, and Google Sheets in Data Studio.

Data transformation

The system uses Power Query (M language) in Power BI, Custom fields, and blended data
sources in Data Studio and data joins and data blending in Tableau.

Calculated fields

The system uses Data Analysis Expressions (DAX) formulae in Power Bl and CASE
statements in Data Studio and Calculated fields in Tableau.

Data storage

The system uses dataflows and import mode in Power BI; live connections and extracts in
BigQuery and in Data Studio; and Tableau extracts (.hyper) and external storage in Tableau.

The system uses SUM, AVG, COUNT, and ROLLUP in Data Analysis Expressions (DAX) in

Aggregation Power BI; Aggregation in calculated fields and charts in Data Studio; and
Level of Detail expressions (LOD) expressions in Tableau.
. The system creates filters in the data (e.g., Regular Expressions in Data Studio) and creating
Filters .
drill downs.
Data blending The system blends multiple data sources.
. L The system creates an interactive dashboard that includes items such as tables, charts,
Visualization
scorecards, maps, etc.
Scheduled refresh The system runs a scheduled query for data extract and refresh.
Data export The system exports data to Excel or any other platform or format.

3.2.4. Identification of the Dashboard Software Architecture Layers

COSMIC specifies that the measurement must be performed for a single software layer
at a time, where a layer is defined as a partition resulting from the functional division of a
software system [34]. In the context of software architecture, the measurer must size the
layers of the software architecture identified within the FSM scope(s). COSMIC notes that
the layers can be as follows:

e  Hierarchical (referring to software in layer A that can use services from software in
layer B, but not vice versa);

e Bidirectional (referring to software in layer A that can use services from software in
layer B and vice versa);

e  Software components in a three-layer architecture (referring to software architecture,
including user interface, business rules, and data service components) and other
software architectures can be explored in COSMIC documentation.

In this study, we considered the development of a dashboard as a three-layer archi-
tecture layer, as illustrated in Figure 2. Each layer has software components and delivers
distinct functions and services as follows.

e  Data Presentation Layer: this layer handles user interaction with the dashboard and reports;

e Data Processing Layer: this layer handles the connection to the data sources, data
calculations and transformations, and sends the data to the presentation layer;

e Data Source Layer: this layer is considered the infrastructure software that provides
data to the processing and presentation layers of the system.

3.2.5. Identification of the Functional Users

Functional users can be human users or systems (including other software) that interact
with the measured software [34]. For example, a sensor that detects the temperature is consid-
ered a functional user, a barcode reader at a supermarket is a functional user, and software “A’
can be a functional user of software ‘B’ given that software ‘B’ is the measured software.
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The functional users of the proposed three-layer architecture of the dashboard devel-
opment are listed in Table 2, which illustrates the architecture layer, its functional users,
and a description.

Table 2. Identification of the functional users in the three-layer architecture of a dashboard development.

Architecture Layer

Functional Users Description

Data presentation layer

The processing layer sends updated data to the charts in the

Processing layer .
cessmng fay presentation layer.

The human user reads reports, apply filters, control access,

Human user
and share reports.

Other systems such as embedded These systems (such as an API) can read the data and display
systems and web applications it in another system (such as a website) as a dashboard.

Data processing layer

The presentation layer fetches the transformed data to the

Presentation layer dashboard and reports.

The components in the data layer send data to the

Data layer .
processing layer.

The human user can directly develop a regular expression, a

Human user calculated field, and other components such as scripts.

Data source layer

The processing layer requests data from the data sources

Processing layer
gay and storage.

3.2.6. Establishing the Software Boundary

A boundary is a conceptual border (also known as an interface) that splits the software
measured from its functional user [34]. Functional users, the software, and persistent
storage all communicate across this boundary. Figure 3 illustrates a context diagram that
includes functional users, software boundaries, and persistent storage.

| Software Boundary i
Functional user i '
(e.g., human user) ——L—» ; i . .
! A functional i Display in
. : process ! dashboard UI
Functionaluser | ' i
(e.g., component ' i
1
from the | “ !
1
processing layer) ! :
! Persistent '
' storage i
' i
| 1

Figure 3. Proposed example of a dashboard software context diagram.

3.3. The COSMIC Mapping and Measurement Phases for a Three-Layer BI Dashboard
Development Project

The COSMIC mapping and measurement phases for this three-layer BI dashboard
development project consist of the identification of the functional processes, their objects
of interest, and data groups, followed by the identification of their corresponding data
movements. In this section, we present several examples of this.
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3.3.1. Identification of Functional Processes

A functional process (FP) is the smallest unit of functionality triggered by a functional
user and should meet the functional user requirements. It performs meaningful tasks that
contribute to the system’s purpose. It is defined independently of other processes (e.g., it
should not rely on multiple other processes to function) and resides in the same layer as
the measured software. Tables 3-5 illustrate some functional processes in each layer for
dashboard development.

Table 3. Functional process in the data presentation layer.

Functional Process Example
User applies a filter
User interaction with the dashboard User interacts with a chart

User exports a dashboard

Table 4. Functional processes in the data processing layer.

Functional Process Example

The system receives the data, aggregates it
The system aggregates data based on an attribute (e.g., age) and
returns the results ready for display.

The system executes regular expressions
The system executes regular expressions  after receiving the user’s request to filter
the data.

The system executes (DAX, LOD, SQL) The execution is triggered by a user’s
calculations request to process calculations on the data.

The system fetches raw data from various
sources and dynamically blends data for
a report.

The system blends data from multiple
data sources

The system autonomously executes a
process based on a triggering event (e.g.,
scheduled refresh).

The system executes scheduled data
refresh and extract

Table 5. Functional processes in the data source layer.

Functional Process Example
Retrieve data from SQL The system retrieves data from SQL database
Retrieve from Google Cloud The system retrieves data from Google Cloud
Retrieve from Google Analytics The system retrieves data from Google Analytics
Retrieve from Data Warehouse The system retrieves data from Data Warehouse
Retrieve data from API The system retrieves data from API

3.3.2. Determining Data Groups and Objects of Interest

The objects of interest are the entities processed and exchanged by the system [34]. For
instance, software can receive objects of interest, such as a ‘message’ including a data group:
message ID, sender ID, and recipient ID. For the three-layer dashboard architecture discussed
earlier, the object of interest is the entity that the system processes, stores, or moves between
the layers. These objects can represent physical entities (users, reports, and databases) or
logical components (key performance indicators (KPIs), filters, and transactions).

Each functional process involves transferring data groups between objects of interest,
such as a ‘sales report’, including attributes (e.g., date, region, and revenue) sent back to the

https://doi.org/10.3390/info17090884


https://doi.org/10.3390/info17090884

Information 2026, 17, 884

10 of 31

dashboard for display. For the three-layer dashboard architecture, Tables 6 and 7 illustrate
the objects of interest and data groups, respectively.

For the three-layer dashboard architecture discussed earlier, the object of interest is
the entity that the system processes, stores, or moves between the layers. These objects
can represent physical entities (users, reports, and databases) or logical components (key
performance indicators (KPIs), filters, and transactions). Each functional process involves
transferring data groups between objects of interest, such as a ‘sales report’ including
attributes (e.g., date, region, and revenue) sent back to the dashboard for display. For the
three-layer dashboard architecture, Tables 6 and 7 illustrate the objects of interest and data
groups, respectively.

Table 6. Objects of interest for the three-layer dashboard architecture.

Architecture Layer Objects of Interest Details
D . Dashboard user interface (UI) Charts, reports, tables, KPIs displaying processed data.
ata presentation layer . . . . .
User actions Filters, slicers, drilldowns, selections made by users
Filter component Filtered data
Aggregation component Computed data summaries (e.g., revenue over time)
Data processing layer Blending component Blended data
Other calculation and transformation . .
Any aggregation and formula calculations
components
Data source layer Raw data sources SQL databases, API sources, CSV files

Table 7. Data groups for the three-layer dashboard architecture.

Architecture Layer

Data Group Attributes Example

Data presentation layer

User Inputs (Filters, Slicers)

Filter Type, Selected Value,

User ID Region = ‘North America

Visualization Output

Chart Type, Data Points,

Aggregation Level Bar chart showing revenue by region

KPI Name, Formula Applied,

Calculated Metrics Profit Margin = Revenue — Cost
Data processing layer Computed Value
Aggregated Results Grouped Data Total Sales = $500,000 for Q1
Retrieve transactions from SQL,
Data layer Data Retrieval Table Name, Columns, Rows  Retrieve traffic from Google Analytics

for Q1

3.3.3. Identification of Data Movements

The next step was to identify all data movements within each functional process.
for the three-layer dashboard architecture Tables 8-10 illustrate the functional processes,
together with their data movements and a related description.

e InTable 8, an Entry data movement is counted if the data crosses the boundary from
the user passing into the software. Exit data movement, crossing the boundary from
the software to the user, is counted if the software dashboard shows, for example, a
chart to the user.

e In Table 9, ‘Request data from data layer’ is counted as an Exit, since it sends data
across this layer’s boundary to the data source layer; the data layer’s response is
counted as a new Entry in the corresponding functional process. ‘“Apply business logic’
is an internal Entry/Write, since it neither originates from nor crosses to another layer.

e InTable 10, Reads from external databases, APIs, or files (e.g., SQL, data warehouse,
GA4, Google Cloud, and a linked API) are counted as boundary-crossing, since each
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external source is a functional user of the software under measurement (COSMIC
ISO/IEC 19761); each retrieval is recorded as an Entry (request), Read (data retrieval),
and Exit (delivery of results) sequence.

Table 8. Examples of data movements in the data presentation layer.

Functional Process Data Movement Description
Capture user interaction E W User provides a filter or input; UI captures (E) and records it (W).
Transmit request to processing E X Ul receives validated input (E) and sends it to the processing layer (X).
Receive processed data E, W Ul receives results from processing (E) and stores them for rendering (W).
Render dashboard visuals E, X Ul receives data for display (E) and outputs charts/tables (X).

Table 9. Examples of data movements in the data processing layer.

Functional Process

Data Movement

Description

Register query request E W Processing receives the user request (E) and records/logs it (W).
Request data from data layer E, X Processing receives query instructions (E) and sends them to the data
layer (X).
. . Processing receives raw data (E), performs calculations (SUM, AVG,
Apply business logic E W COUNT), and stores computed results (W).
Deliver processed results to UI E, X Processing receives final computed results (E) and sends them to the UI (X).

Table 10. Examples of data movements in the data source layer.

Functional Process

Data Movement

Description

Data layer receives request (E), reads data from SQL (R), and

Retrieve data from SQL E R, X delivers results (X).
. Data layer receives request (E), reads data from data warehouse

Retrieve data from data warehouse E R X (R), and delivers results (X).

Retrieve data from Google Analytics (GA4) E R X Data layer receives request (E), reads data from GA4 (R), and
& y T delivers results (X).

Retrieve data from Google Cloud ER X Data layer receives request (E), reads data from Google Cloud
& T (R), and delivers results (X).

Retrieve data from API E R X Data layer receives request (E), reads data from a linked API (R),

and delivers results (X).

3.3.4. Example with the Data Studio Dashboard

In the following example, the objective is to measure the functional size of the Data

Studio dashboard using four functional processes:

1. User selects ‘Create Report” and chooses analytics as the data source;

User adds a Region-Level Summary Chart (e.g., Sales by Region);

2
3.  User enables drill-down interaction;
4

User configures time series chart.

Tables 11-14 illustrate each functional process with their Entry, Exit, Write, and Read

data movements.

Table 15 demonstrates the COSMIC measurement phase and functional size by apply-

ing Equation (1) to Entry, Exit, Read, and Write data movements.
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Table 11. COSMIC size of the functional process: user selects ‘Create Report” and chooses Google

Analytics as the data source.

Data Movement Type

Number of Data Movements Description of Data Movements

Entry (E)

The user initiates the connection by selecting ‘Add
data’, choosing Google Analytics, logging in via
OAuth, and selecting the desired GA4 property. This
is a functional user input.

Read (R)

Read 1: Data Studio reads the list of available GA4
properties after authentication.

Read 2: It reads the schema (dimensions, metrics,
metadata) for the selected GA4 property.

Write (W)

Data Studio writes the data source configuration
(property ID, selected fields, connection settings) to its
internal storage or project structure.

Exit (X)

After the connection is established, Data Studio
displays the data schema (dimensions and metrics) in
the user interface, confirming a successful setup. This
is a data movement from software to user.

Table 12. COSMIC size of the functional process: user adds a Region-Level Summary Chart (e.g.,

Sales by Region).

Data Movement Type

Number of Data Movements

Description of Data Movements

Entry (E)

Entry 1: The user selects chart type. A Functional input
specifying that a new chart should be created.

Entry 2: The user configures the chart. Selects ‘Region’ as
dimension, and ‘Sales” as metric Input of chart
configuration (metrics, dimensions).

Read (R)

Read 1: Data Studio fetches available schema to populate
dropdowns

Read 2: Data Studio retrieves actual sales data grouped
by region.

Write (W)

Data Studio saves the chart settings internally.

Exit (X)

Displaying the visual chart (bar, map, pie, etc.) to the user.

Table 13. COSMIC size of the functional process: user enables drill-down interaction.

Data Movement Type

Number of Data Movements

Description of Data Movements

Entry (E)

Entry 1: User selects a chart and enables drill-down option.
Entry 2: User configures drill-down levels (e.g., region,
country, and city).

Read (R)

Read 1: Data Studio reads the schema to validate
dimension hierarchy

Read 2: Data Studio fetches sub-level data dynamically
(e.g., countries in region).

Write (W)

Data Studio saves drill-down configuration to report.

Exit (X)

Data are displayed interactively in the chart.
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Table 14. COSMIC size of the functional process: user configures time series chart.

Data Movement Type Number of Data Movements Description of Data Movements
Entry (E) 2 Entry 1: User adds a chart component.
Entry 2: User configures metric (Revenue) and time dimension.
Read (R) 2 Read 1: Data reads available schema (to validate dimensions).
Read 2: Data retrieves actual time series data from GA4.
Write (W) 1 Data Studio saves the chart to report.
Exit (X) 1 Data Studio displays the chart.

Table 15. COSMIC size of the Data Studio dashboard example.

. E R W X ..
Functional Process (Entry) (Read) (Write) (Exit) Total Size in CFPs
User se}ects Create Report” and chooses Google 1 2 1 1 5 CEP
Analytics as the data source
User adds a Reglop—Level Summary Chart 5 2 1 1 6 CFPs
(e.g., Sales by Region)

User enables drill-down interaction 2 2 1 1 6 CFPs
User configures time series chart 2 2 1 1 6 CFPs
Total size in CFPs for the Data Studio Dashboard 23 CFPs

4. Empirical Research Study: Methodology Approach to Investigate the
Size-Effort Relationship in BI Dashboard Development Projects

This section presents the empirical research approach selected to investigate the size—effort
relationship using machine learning techniques. Section 4.1 presents the size data collection
process for 150 BI dashboard projects, Section 4.2 presents the machine learning techniques to
be used with the data collected, and Section 4.3 presents the criteria to be used to investigate
the performance of the ML techniques on the datasets available.

4.1. Data Collection

A total of 150 BI dashboard projects for digital marketing developed with Data Studio
were used for this study and divided into two datasets as follows:

e  Dataset 1 contains information on 50 Data Studio projects for digital marketing, includ-
ing user-triggered functional processes (based on user actions) and system-triggered
functional processes (based on system actions, such as automated refresh);

e Dataset 2 contains information on 100 Data Studio projects for digital marketing
that included only user-triggered functional processes (based on user actions) and
excluded system-triggered functional processes (based on system actions, such as
automated refresh).

The 150 projects analyzed in this study are illustrative of small-to-moderate BI dash-
board development tasks and are not presented as representative of the full range of
three-layer BI development project sizes. For each project included in these datasets, the
following size attributes are documented, in addition to the recorded effort in hours: the
count of data movements, and COSMIC functional size measured in COSMIC function
points (CFPs). Tables A1 and A2 in Appendix A provide information on the datasets used
in the empirical study.

These datasets were collected from practitioners who received training on COSMIC,
applied COSMIC to Data Studio projects, and reported the actual hours required to develop
the dashboard. In addition, practitioners went through the factual pre-check check (FMC)
method provided in [38] to assess whether COSMIC was correctly applied.
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4.2. Machine Learning Techniques

In the empirical study, eleven regression-based machine learning models were em-
ployed in this study, spanning linear, tree-based, instance-based, and ensemble approaches,
including Linear Regression [39], Extra Trees [40], AdaBoost [41], Random Forest [42], De-
cision Tree [43], K-Nearest Neighbors [44], Gradient Boosting [45], Bagging Regressor [46],
Support Vector Regressor, Voting Regressor, and Stacking Regressor [47]. A comprehensive
description of these models is provided in our earlier work [31]. In the present study,
these models were applied within a COSMIC-based effort estimation framework, with
continuous numerical outputs predicted via regression [48]. Hyperparameters were set
to fixed, moderate values—in several cases matching scikit-learn’s own defaults (e.g.,
KNN n_neighbors = 5 and SVR epsilon = 0.1) and in others adjusted conservatively for the
small sample sizes involved (e.g., constraining tree depth, increasing ensemble size beyond
library defaults for more stable averaging), rather than tuned via grid or random search, to
avoid any risk of hyperparameter selection leaking information from the cross-validation
test folds. Full model configurations, including the base learners and final estimator used
in the Voting and Stacking Regressors, are reported in Table A3 in the Appendix A. All
11 models were trained using Entry, Read, Write, Exit, and CFP together as the predictor
set (five features). For K-Nearest Neighbors and Support Vector Regressor, feature scaling
(StandardScaler) was fitted exclusively on each fold’s training data and then applied to
transform the corresponding held-out fold, preventing information leakage from the test
data into the scaling parameters.

4.3. Empirical Setup and Performance Evaluation

In order to produce stable results, the setup included a repeated 10-fold cross-
validation based on five randomly selected seeds as follows: 0, 7, 42, 123, and 2024. For
each selected seed, the datasets were shuffled and split into 10 folds. Therefore, each ML
model was trained in nine folds and tested on the remaining fold. The resulting out-of-fold
predictions from all 10 folds were pooled before computing that seed’s performance metrics
(RMSE, R?, MAE, MBRE, MIBRE, LSD, MMRE, MdMRE, PRED(25), and SA). This entire
procedure was then repeated independently for each of the five seeds, yielding five seed-
level metric values per model per dataset. The mean and 95% confidence interval across
these five values (t-distribution, df = 4) are reported as the final result for each model. The
implementation is available on our public GitHub (check the Supplementary Materials).

Several performance criteria in Equations (2)-(11) were applied to assess the performance
of the ML models. These criteria are supported by the findings of a systematic literature
review [49]. This empirical study builds on established evaluation practices in software
development effort estimation research [50,51] by introducing a distinct set of evaluation
criteria that together provide a thorough evaluation of model performance as follows:

e  To evaluate the accuracy of the model, the root-mean-square error (RMSE) was used
because it considers the size of the prediction errors. The coefficient of determination
(R?) was used to explain the variance in the target variable;

e  Unlike the MMRE, which is known to favor underestimation, the mean balanced
relative error (MBRE, Equation (5)) and mean inverted balanced relative error (MIBRE,
Equation (6)) offer more balanced assessments by being less susceptible to systematic
bias [51-55]. Furthermore, the standardized accuracy (SA, Equation (8)), established
in [56], was applied to assess model stability across different time periods. SA is
useful for determining whether an estimation method performs better than a random-
guessing baseline (P0), where MAE_p0 is defined as the mean absolute error of
predicting each project’s effort by randomly sampling another project’s actual value;
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e  The logarithmic standard deviation (LSD, Equation (7)), measures the spread of the
log-transformed residuals, A; = In(y;) — In(§;), adjusted by a bias-correction term s? /2
that accounts for the systematic bias introduced when converting log-scale predictions
back to normal-scale effort values [51];

e  The mean magnitude of relative error (MMRE, Equation (9)) and its median-based
counterpart (MdAMRE, Equation (10)) were also reported for comparability with prior
effort-estimation studies, despite MMRE’s known bias toward underestimation;

e  PRED(25) (Equation (11)) reports the percentage of predictions falling within 25% of
the actual value.

1
Root Mean Square Error Formula (RMSE) = \/ EZ?:l (yi — y})z (2)
no( a2
R-Squared (R?) =1 — —Zln:l(y' yj)z 3)
Lisa i —7)
1 "
Mean Absolute Error (MAE) = EZ?:l lyi — 1l 4)
Mean Bias Relative Error (MBRE) lzn M (5)
n=i=1 min(yily\l‘)
. . Ly lyi—¥il
Mean I t Bias Relative E MIBRE) = —-) . . —————— 6
ean Impact Bias Relative Error ( ) nZzzl max(v:, 77) (6)
N 2
L A 2/2
Logarithmic Standard Deviation (LSD) = \/ Elzl(N’ :L; /2) (7)
Standardized Accuracy (SA) =1— I\A//II::EZ;
8)
_ Tigjlvi-yi (
where MAE 0 = W
_ 1wy =9l
MMRE = ) " | y: ©)
MAMRE = median ¥ =5l (10)
i
Ly o | lvi = 9il 0
PRED(25) = Ezizl 1 []/zl <0.25| x 100% (11)

5. Data Analysis of the Size-Effort Relationship with ML Techniques
5.1. Descriptive Statistics of the Datasets Available

An overview of the descriptive statistics of these two datasets is presented in Table 16
in terms of the minimum, maximum, average, and median of the effort, data movements,
and size in COSMIC CFP units.

Table 16. Descriptive statistics of the datasets—calculated from Appendix A, with effort std dev and
effort coefficient of variation (CV) = std dev/avg.

Effort (h) Size (CFPs)
Dataset Id  No. Projects
Min Max Avg. Median Std Dev cv Min Max Avg. Median
Dataset 1 50 3.2 17.2 8.946 8.5 3.484 0.389 14 43 28.66 30.0
Dataset 2 100 1.2 3.6 2.458 2.5 0.529 0.215 5 20 12.55 13.0
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5.2. Evaluation of ML Models in Software Effort Estimation

This section presents the evaluation of the ML models on Datasets 1 and 2 in terms of
the following criteria:

e  Prediction accuracy and generalization: R2, RMSE, and MAE;
e MBRE, MIBRE, LSD, SA, and MdMRE.

5.2.1. Generalization and Prediction Accuracy Comparison

Table 17 presents the empirical results for the experiment of Cross-Validated (CV)
RMSE, R?, and MAE on Datasets 1 and 2.

Table 17. Cross-validated (CV) results of dataset 1 (N = 50) and dataset 2 (N = 100) for RMSE, R?,

and MAE.

Model

Dataset

RMSE (95% CI)

R? (95% CI)

MAE (95% CI)

Linear Regression
Decision Tree

Dataset 1 (N =50
Dataset 1 (N =50

1.860 (1.818, 1.901)
2.085 (1.823, 2.347)

0.709 (0.696, 0.722)
0.632 (0.540, 0.723)

1.496 (1.473, 1.519)
1.629 (1.434, 1.825)

)
)
Support Vector Regressor Dataset 1 (N = 50) 2.257 (2.132,2.383) 0.571 (0.523, 0.618) 1.748 (1.677, 1.820)
AdaBoost Regressor Dataset 1 (N = 50) 2.247 (2.072,2.422) 0.574 (0.508, 0.641) 1.742 (1.605, 1.880)
Bagging Regressor Dataset 1 (N = 50) 2.275 (2.182,2.368) 0.565 (0.529, 0.600) 1.785 (1.714, 1.856)
Gradient Boosting Regressor Dataset 1 (N = 50) 2.538 (2.455, 2.621) 0.458 (0.423, 0.494) 1.909 (1.838, 1.979)
Random Forest Regressor Dataset 1 (N = 50) 2.259 (2.182, 2.337) 0.571 (0.541, 0.600) 1.772 (1.697, 1.847)
Extra Trees Regressor Dataset 1 (N = 50) 2.491 (2.395, 2.586) 0.478 (0.438, 0.518) 1.911 (1.835, 1.987)
K-Nearest Neighbors Dataset 1 (N = 50) 2.066 (2.017,2.114) 0.641 (0.624, 0.658) 1.604 (1.560, 1.649)
Voting Regressor Dataset 1 (N = 50) 1.941 (1.830, 2.051) 0.683 (0.647,0.719) 1.546 (1.464, 1.628)
Stacking Regressor Dataset 1 (N = 50) 1.911 (1.876, 1.947) 0.693 (0.681, 0.704) 1.524 (1.471, 1.576)
Linear Regression Dataset 2 (N = 100) 0.125 (0.125, 0.126) 0.943 (0.943, 0.944) 0.108 (0.107, 0.109)
Decision Tree Dataset 2 (N = 100) 0.159 (0.151, 0.167) 0.909 (0.899, 0.918) 0.129 (0.124, 0.135)
Support Vector Regressor Dataset 2 (N = 100) 0.167 (0.156, 0.178) 0.899 (0.886, 0.913) 0.135 (0.125, 0.145)
AdaBoost Regressor Dataset 2 (N = 100) 0.136 (0.135, 0.138) 0.933 (0.931, 0.934) 0.113 (0.112, 0.115)
Bagging Regressor Dataset 2 (N = 100) 0.147 (0.144, 0.151) 0.922 (0.918, 0.926) 0.125 (0.122, 0.128)
Gradient Boosting Regressor Dataset 2 (N = 100) 0.145 (0.143, 0.148) 0.924 (0.921, 0.927) 0.121 (0.114, 0.127)
Random Forest Regressor Dataset 2 (N = 100) 0.145 (0.141, 0.149) 0.924 (0.920, 0.928) 0.123 (0.120, 0.126)
Extra Trees Regressor Dataset 2 (N = 100) 0.138 (0.136, 0.141) 0.931 (0.929, 0.933) 0.118 (0.115, 0.121)
K-Nearest Neighbors Dataset 2 (N = 100) 0.171 (0.161, 0.180) 0.895 (0.883, 0.906) 0.141 (0.132, 0.150)
Voting Regressor Dataset 2 (N = 100) 0.132 (0.128, 0.135) 0.937 (0.934, 0.940) 0.112 (0.109, 0.115)
Stacking Regressor Dataset 2 (N = 100) 0.125 (0.121, 0.128) 0.944 (0.940, 0.947) 0.106 (0.103, 0.110)

The results of the empirical study in Table 17 provide guidance to Bl and digital
marketing analytics practitioners to better select ML models and datasets for predicting
dashboard development efforts as follows:

As illustrated in Table 17, the results of the repeated 10-fold cross-validation (five seeds)
related to Dataset 1 show limited predictive performance and generalization as follows:

e Linear Regression achieved the highest R?> = 0.709 and the lowest RMSE = 1.860 h
among all ML models, confirming a relatively strong linear relationship between
functional size and effort;

e  Stacking Regressor and Voting Regressor achieved an R? = 0.693 and 0.683, respectively.
Indicating that ensemble models are the next strongest ML models, however, remains
relatively weaker than Liner Regression;

e  The Decision Tree Regressor and KNN achieved an R? = 0.632 and 0.641, respectively.
Followed by moderate performing ML models, such as AdaBoost, SVR, Random
Forest, and Bagging. All have an R? between 0.565 and 0.574, while the MAE falls
between 1.74 and 1.79 h;

e  [Extra Trees and Gradient Boosting Regressors reported the weakest models, with
an R? =0.478 and 0.458, respectively. Both regressors reported the highest MAE
and RMSE.
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As illustrated in Table 17, the results of the repeated 10-fold cross-validation (five seeds)
related to Dataset 2 showed better predictive performance and generalization as follows:

e Linear Regression and Stacking Regressor achieved the best predictive accuracy, with
an R? = 0.943 and 0.944, respectively, and an RMSE around 0.125 h. This confirms a
strong linear relationship between functional size and effort;

o  Extra Trees, AdaBoost, and Voting Regressors presented similar predictive accuracies,
with R? values between 0.931 and 0.937 and RMSEs between 0.132 and 0.138 h;

e  The ensemble models (Gradient Bosting, Bagging Regressor, and Random Forest) presented
a strong predictive accuracy with R? values between 0.922 and 0.924 and MAEs less than
0.125 h. This confirms that ensemble models preserve a strong generalization performance;

e  KNN, Support Vector Regressor, and Decision Tree reported the weakest predictive
accuracies, with R? values between 0.895 and 0.909. However, this is still stronger than
the performance of all models in Dataset 1.

Among the 11 ML models, the results show the higher predictive performance on
Dataset 2 compared to Dataset 1. On Dataset 2, R? remained high with a moderate change
during the repeated 10-fold cross-validation and five random cross-validation seeds. This in-
dicates that the models reported a stable pattern rather than a single 80/20 training/testing
data split.

In addition, since Dataset 1 and Dataset 2 differ, for instance, in sample size, a con-
trolled resampling check of Dataset 2 was conducted to test whether the higher performance
of Dataset 2 is due to the larger sample size. For all 11 ML models, Dataset 2 was subsam-
pled to exactly match the size of Dataset 1 (N = 50). Ten independent subsamples drawn
without replacement, each evaluated under the same repeated 10-fold cross-validation. The
results show that R? remained unchanged, for example:

e In Linear Regression: R? = 0.939 (Dataset 2, N = 50) vs. 0.943 (Dataset 2, N = 100);

e In Stacking Regressor: R? = 0.934 (Dataset 2, N = 50) vs. 0.944 (Dataset 2, N = 100);

e  While other ML models remain above the corresponding Dataset 1 result (see Section 6.1
for the full comparison).

5.2.2. Evaluation Using Error Metrics (MBRE, MIBRE, MdMRE)

Table 18 presents empirical results for the MBRE, MIBRE, LSD, SA, and MdMRE
experiments.

In Table 18, the results related to Dataset 1 show that most of the ML models reported
high error rates and limited predictive accuracy as follows:

e  MBRE ranged from 18.9% to 25.5%, while MIBRE ranged between 14.9% and 18.3%,
showing substantial estimation bias;

e  MAMRE ranged from 14.4% to 18.7% for approximately all the models. These high
errors suggest that the models suffered from data irregularities and noise, with a
higher effort variability observed in Dataset 1, as presented in Table 16 (coefficient of
variation 0.389 vs. 0.215 for Dataset 2);

e  Models such as Linear Regression, Stacking Regressor, and Voting Regressors reported
narrow confidence intervals and consistent error rates during the five cross-validation
seeds. However, tree-based models, such as Decision Tree, reported an SA between
0.370 and 0.505 and varied depending on the cross-validation seed. This indicates that
these models are less stable across repeated seed in each fold.

The results for Dataset 2 show a reduction in the estimation errors across all models,
as follows:

e  MBRE dropped between 4.7% and 6.6% compared to Dataset 1. While MIBRE ranged
between 4.4% and 5.9%;
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e  MdAMRE also confirmed consistent improvements, while most models maintain values
below 5.5%. These improvements indicate that the models trained on the Dataset 2
achieved much stronger predictive accuracy;

o  Thereduced errors are consistent with Dataset 2’s lower effort variability (coefficient
of variation 0.215 vs. 0.389 for Dataset 1), though this study did not independently
isolate effort variability from other uncontrolled factors, such as measurement scope,
feature distributions, and project population differences (see Section 6.2).

Table 18. Results of Dataset 1 (N = 50) and Dataset 2 (N = 100) for MBRE, MIBRE, MMRE, MdMRE,
PRED(25), and SA.

MBRE MIBRE 0 MMRE MdJMRE PRED(25) 0
Model Dataset (95% CI) ©5%cr  LSPO5%CD (g5, cy (95% CI) 95% CI) SA (95% CI)
Linear Dataset 1 0.189 (0.186, 0.149 (0.147, 0.200 (0.197, 0.175 (0.172, 0.147 (0.138, 82.4% (78.7%, 0.626 (0.620,
Regression (N =50) 0.192) 0.151) 0.204) 0.178) 0.156) 86.1%) 0.631)
Decision T Dataset 1 0.216 (0.194, 0.162 (0.149, 0.232 (0.212, 0.195 (0.176, 0.144 (0.117, 68.0% (62.4%, 0.592 (0.543,
ecision lree (N =50) 0.238) 0.176) 0.252) 0.214) 0.172) 73.6%) 0.641)
\nggg‘r’rt Dataset 1 0.225 (0.219, 0.168 (0.164, 0.237 (0.232, 0.210 (0.205, 0.158 (0.140, 69.6% (67.5%, 0.563 (0.545,
Regressor (N =50) 0.232) 0.172) 0.243) 0.215) 0.177) 71.7%) 0.581)
AdaBoost Dataset 1 0.225 (0.208, 0.169 (0.159, 0.238 (0.220, 0.203 (0.191, 0.164 (0.149, 68.4% (64.3%, 0.564 (0.530,
Regressor (N =50) 0.242) 0.179) 0.255) 0.215) 0.178) 72.5%) 0.598)
Baggin, Dataset 1 0.235 (0.229, 0.175 (0.171, 0.246 (0.240, 0.213 (0.209, 0.180 (0.169, 69.6% (68.5%, 0.553 (0.536,
gging
Regressor (N =50) 0.241) 0.178) 0.253) 0.217) 0.191) 70.7%) 0.571)
géigtiﬁ{g Dataset 1 0.255 (0.250, 0.183 (0.179, 0.269 (0.265, 0.227 (0.222, 0.180 (0.176, 64.0% (61.0%, 0.523 (0.505,
Regressor (N =50) 0.261) 0.187) 0.273) 0.233) 0.185) 67.0%) 0.540)
Eg;‘ei?m Dataset 1 0.233 (0.225, 0.173 (0.168, 0.244 (0.238, 0.211 (0.206, 0.177 (0.166, 70.0% (68.2%, 0.557 (0.538,
Regressor (N =50) 0.240) 0.178) 0.250) 0.217) 0.188) 71.8%) 0.576)
Extra Trees Dataset 1 0.253 (0.246, 0.183 (0.179, 0.265 (0.259, 0.229 (0.223, 0.187 (0.185, 63.6% (61.5%, 0.522 (0.503,
Regressor (N =50) 0.260) 0.187) 0.270) 0.236) 0.189) 65.7%) 0.541)
K-Nearest Dataset 1 0.206 (0.204, 0.156 (0.153, 0.224 (0.220, 0.191 (0.189, 0.151 (0.139, 70.8% (69.4%, 0.599 (0.587,
Neighbors (N =50) 0.209) 0.159) 0.227) 0.193) 0.164) 72.2%) 0.610)
Voting Dataset 1 0.198 (0.190, 0.153 (0.148, 0.211 (0.204, 0.183 (0.177, 0.153 (0.142, 77.6% (75.5%, 0.613 (0.593,
Regressor (N = 50) 0.206) 0.159) 0.218) 0.190) 0.164) 79.7%) 0.634)
Stacking Dataset 1 0.193 (0.185, 0.151 (0.144, 0.206 (0.201, 0.177 (0.171, 0.147 (0.137, 77.2% (72.7%, 0.619 (0.606,
Regressor (N =50) 0.200) 0.157) 0.211) 0.184) 0.157) 81.7%) 0.632)
Linear Dataset 2 0.047 (0.047, 0.044 (0.044, 0.054 (0.053, 0.046 (0.046, 0.042 (0.041,  100.0% (100.0%,  0.821 (0.819,
Regression (N = 100) 0.048) 0.045) 0.054) 0.046) 0.043) 100.0%) 0.822)
Decision Tree Dataset 2 0.061 (0.057, 0.055 (0.052, 0.076 (0.071, 0.058 (0.055, 0.047 (0.042, 99.0% (98.1%, 0.786 (0.776,
(N = 100) 0.065) 0.058) 0.082) 0.061) 0.051) 99.9%) 0.795)
%,‘elgtgf“ Dataset 2 0.062 (0.058, 0.056 (0.053, 0.078 (0.072, 0.060 (0.056, 0.048 (0.044, 98.8% (97.2%, 0.775 (0.759,
Regressor (N = 100) 0.067) 0.060) 0.083) 0.065) 0.052) 100.0%) 0.792)
AdaBoost Dataset 2 0.051 (0.050, 0.047 (0.046, 0.062 (0.059, 0.050 (0.048, 0.044 (0.042, 99.8% (99.2%, 0.812 (0.809,
Regressor (N = 100) 0.053) 0.049) 0.065) 0.051) 0.046) 100.0%) 0.814)
Bagging Dataset 2 0.056 (0.054, 0.052 (0.050, 0.066 (0.062, 0.054 (0.052, 0.045 (0.043, 99.8% (99.2%, 0.792 (0.787,
Regressor (N =100) 0.059) 0.054) 0.069) 0.056) 0.048) 100.0%) 0.798)
géf)g‘tiﬁ{g Dataset 2 0.053 (0.050, 0.049 (0.047, 0.063 (0.062, 0.051 (0.048, 0.045 (0.039,  100.0% (100.0%,  0.800 (0.789,
Regressor (N = 100) 0.056) 0.052) 0.064) 0.054) 0.050) 100.0%) 0.810)
Eg;‘ei‘t’m Dataset 2 0.055 (0.053, 0.051 (0.049, 0.065 (0.061, 0.053 (0.051, 0.046 (0.043, 99.8% (99.2%, 0.795 (0.790,
Regressor (N = 100) 0.058) 0.053) 0.069) 0.055) 0.048) 100.0%) 0.800)
Extra Trees Dataset 2 0.052 (0.051, 0.049 (0.047, 0.060 (0.058, 0.051 (0.049, 0.047 (0.046,  100.0% (100.0%,  0.804 (0.800,
Regressor (N =100) 0.054) 0.050) 0.063) 0.052) 0.049) 100.0%) 0.808)
K-Nearest Dataset 2 0.066 (0.061, 0.059 (0.055, 0.082 (0.077, 0.064 (0.060, 0.055 (0.053, 97.8% (97.2%, 0.766 (0.751,
Neighbors (N =100) 0.070) 0.063) 0.086) 0.068) 0.056) 98.4%) 0.781)
Voting Dataset 2 0.051 (0.050, 0.048 (0.046, 0.061 (0.059, 0.050 (0.048, 0.042 (0.040,  100.0% (100.0%,  0.814 (0.809,
Regressor (N =100) 0.053) 0.049) 0.064) 0.051) 0.043) 100.0%) 0.819)
Stacking Dataset 2 0.047 (0.045, 0.044 (0.043, 0.054 (0.053, 0.045 (0.044, 0.040 (0.036,  100.0% (100.0%,  0.824 (0.818,
Regressor (N = 100) 0.048) 0.045) 0.056) 0.047) 0.044) 100.0%) 0.829)

5.2.3. Standardized Accuracy (SA) Comparison

The authors of [51] recommended that standardized accuracy (SA) is a primary crite-
rion for evaluating estimation models on software effort. SA offers a more robust evaluation
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than typical error criteria, such as the mean relative error (MRE) and mean magnitude of
relative error (MMRE), which have been criticized for systematic bias and favor underes-
timation. Therefore, the following key comparisons presented in Table 19 highlight the
performance of the ML models in predicting the Data Studio effort based on COSMIC
as follows:

e  Voting Regressor, Stacking Regressor, and Linear Regression reported the highest rank
based on SA and a consistent highest performance among Datasets 1 and 2;

o Across every ML model, SA reported higher performance on Dataset 2. This is
consistent with the previous findings established based on R? and RMSE and error
metrics in Tables 17 and 18, and with the lower effort variability of Dataset 2 reported
in Table 16;

e  [Extra Trees Regressor and Gradient Boosting Regressor were the weakest models on
Dataset 1; K-Nearest Neighbors and Support Vector Regressor were weakest on Dataset 2.

Table 19. SA comparison across the 11 ML models with confidence intervals from the repeated CV.

SA (95% CI) R2 SA (95% CI) R2
Model (Ranked by Dataset 1SA) Dataset 1 Dataset 1 Dataset 2 Dataset 2
Linear Regression 0.626 (0.620, 0.631) 0.709 0.821 (0.819, 0.822) 0.943
Stacking Regressor 0.619 (0.606, 0.632) 0.693 0.824 (0.818, 0.829) 0.944
Voting Regressor 0.613 (0.593, 0.634) 0.683 0.814 (0.809, 0.819) 0.937
K-Nearest Neighbors 0.599 (0.587, 0.610) 0.641 0.766 (0.751, 0.781) 0.895
Decision Tree 0.592 (0.543, 0.641) 0.632 0.786 (0.776, 0.795) 0.909
AdaBoost Regressor 0.564 (0.530, 0.598) 0.574 0.812 (0.809, 0.814) 0.933
Support Vector Regressor 0.563 (0.545, 0.581) 0.571 0.775 (0.759, 0.792) 0.899
Random Forest Regressor 0.557 (0.538, 0.576) 0.571 0.795 (0.790, 0.800) 0.924
Bagging Regressor 0.553 (0.536, 0.571) 0.565 0.792 (0.787, 0.798) 0.922
Gradient Boosting Regressor 0.523 (0.505, 0.540) 0.458 0.800 (0.789, 0.810) 0.924
Extra Trees Regressor 0.522 (0.503, 0.541) 0.478 0.804 (0.800, 0.808) 0.931

6. Discussion

Based on the empirical results, this study offers some key insights and recommendations.

6.1. Analysis of the Empirical Cumulative Distribution Function (ECDF)

Figure 4 illustrates the empirical cumulative distribution function (ECDF), which
provides a visual representation of the proportion of observations for both the testing
accuracy and standardized accuracy (SA) across the two datasets. In Figure 4, the curve
corresponding to Dataset 1 consistently lies behind that for Dataset 2. This positioning
indicates that, at any given threshold of accuracy or SA, the proportion of models achiev-
ing that threshold was lower in Dataset 1 than in Dataset 2. The ECDF analysis clearly
demonstrated that the ML models applied to Dataset 1 exhibited lower performance than
those applied to Dataset 2. The models trained and evaluated on Dataset 2 achieved higher
testing accuracy and SA, confirming their superior predictive capability and generalization
performance compared to those assessed using Dataset 1.
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ECDF of Test Accuracy (R?) across 11 models

ECDF of Standardized Accuracy (SA) across 11 models
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Figure 4. Empirical cumulative distribution function (ECDF) of test accuracy (R?) and standardized
accuracy (SA) for the two datasets, 11 ML models, repeated 10-fold cross-validation.

6.2. Resampling Check: Resampling the Size of Dataset 2 to the Size of Dataset 1

A resampling check was performed to investigate whether the higher performance
in Dataset 2 was attributed to its larger sample size. Therefore, the resampling was per-
formed on Dataset 2 including ten independent subsamples matching the size of Dataset 1
(50 projects), without replacement, across the 11 ML models, and in the same repeated
10-fold cross-validation. The results in Table 20 illustrate that accuracy continued to be
high on the resampled subsets. For example, the Linear Regression reported an R? = 0.939,
while the spread of R? values across the ten resamples ranged between 0.926 and 0.959.
The Stacking Regressor reported an R? = 0.934, while the spread of R? values across the
ten resamples ranged between 0.917 and 0.957. Compared to the performance at the full
sample size (N = 100), these results are closely corresponding and matching. This indicates
that the sample size may not be the only leading factor that explains the difference between
Dataset 1 and Dataset 2.

Table 20. Results of evaluating the subsample with 11 ML models under the same repeated 10-fold
CV protocol (5 seeds).

Model

Dataset 2 Subsampled to N = 50:

2 (N —
Dataset 2 Full R* (N =100) Mean (Range, SD)

Dataset 1 Full R2 (N = 50)

Stacking Regressor
Linear Regression
Voting Regressor

AdaBoost Regressor
Extra Trees Regressor
Random Forest Regressor
Gradient Boosting Regressor
Bagging Regressor
Decision Tree
Support Vector Regressor
K-Nearest Neighbors

0.693 0.944 0.934 (0.917-0.957, SD = 0.013)
0.709 0.943 0.939 (0.926-0.959, SD = 0.012)
0.683 0.937 0.916 (0.894-0.943, SD = 0.017)
0.574 0.933 0.892 (0.872-0.924, SD = 0.018)
0.478 0.931 0.904 (0.872-0.934, SD = 0.023)
0.571 0.924 0.888 (0.859-0.923, SD = 0.022)
0.458 0.924 0.882 (0.847-0.916, SD = 0.023)
0.565 0.922 0.888 (0.858-0.923, SD = 0.022)
0.632 0.909 0.852 (0.807-0.891, SD = 0.031)
0.571 0.899 0.852 (0.807-0.913, SD = 0.038)
0.641 0.895 0.837 (0.794-0.877, SD = 0.025)

Further consideration is based on the descriptive statistics of these two datasets
presented in Table 16. The resampling result rules out sample size as an explanation
but does not on its own establish what does explain the accuracy difference. Dataset
2 exhibited a substantially lower coefficient of variation in effort (0.215) than Dataset 1
(0.389). This lower effort variability is consistent with, but does not on its own establish,
Dataset 2’s higher predictive accuracy. Measurement scope, feature distributions, and
underlying project population differences were not independently controlled in this study
and remain plausible contributing factors that were not isolated from effort variability.
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Disentangling these effects is left for future work using datasets that vary along only one of
these dimensions at a time.

Therefore, based on the analysis of the empirical cumulative distribution function
(ECDF) and the resampling check, we propose the following recommendation:

e  When collecting or selecting data for training effort-estimation models, in BI dash-
board software development using COSMIC, prioritize projects with consistent, low-
variability effort.

6.3. Analysis of ML Models Performance

Figure 5 illustrates the performance of all ML models, demonstrating the high- and
low-performing ML models using Dataset 2, including the cross-validated SA, accuracy,
RMSE, and MAE in Tables 17 and 18. The results show the high performance of the Stacking
Regressor and Linear Regression (high SA, accuracy and RMSE and MAE) and the low
performance of Support Vector Regressor and K-Nearest Neighbors models (low SA and
accuracy and high RMSE and MAE).

SA and Test Accuracy by Model — Dataset 2 Test RMSE and MAE by Model — Dataset 2
= SA m Test RMSE
mm Test Accuracy (R?) 0.16 1 mmm MAE

Score

s © s s 5 S O s S S S S o
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Figure 5. SA, Accuracy, RMSE, and MAE by ML Model using dataset 2, ranked by SA (repeated
10-fold CV).

Figures 6 and 7 display the actual (real) effort shown in green alongside the predictions
shown in blue and orange. Stacking Regressor and Linear Regression models showed high
predictive performance in predicting effort values, and the Support Vector Regressor and
K-Nearest Neighbors models showed lower than other models in predicting effort values.
Therefore, we propose the following recommendations.

e Itis recommended to use Stacking Regressor and Linear Regression models for sim-
ilar datasets because these models recorded the highest standardized accuracy for
predicting BI development efforts with high generalization performance;

e Itis recommended to avoid using the Support Vector Regressor and K-Nearest Neigh-
bors models for similar datasets because they performed the worst.

As an additional robustness check on the predictor set itself, the cross-validation
pipeline was re-run with CFP excluded, since CFP = Entry + Read + Write + Exit. The
recommended models were unaffected or only marginally affected by this change: Linear
Regression’s R? was unchanged on both datasets (0.709 and 0.943), and the Stacking
Regressor’s accuracy remained essentially the same. Decision Tree, by contrast, showed
a substantial decline on Dataset 2 (R? falling from 0.909 to 0.704) without CFP, since
shallow decision trees do not reliably reconstruct an informative linear combination of
features through a limited number of single-feature splits. This further supports the
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recommendation above: the models recommended for similar datasets (Stacking Regressor
and Linear Regression) are robust to this redundancy, whereas models not recommended
here would be more sensitive to predictor-set choices of this kind.
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Figure 6. Predicted vs. actual values using dataset 2—Stacking Regressor and Linear Regression

(top-performing models).
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Figure 7. Predicted vs. actual values using dataset 2—Support Vector Regressor and K-Nearest

Neighbors (weakest-performing models).

6.4. A Theoretical Foundation Between COSMIC and Vercellis” Methodology for Implementing
BI Platforms

Although COSMIC has been widely applied in a large variety of software projects, its
application in BI dashboard development, such as in Data Studio, has not been previously
explored. This study contributes to researchers and practitioners by offering interdisciplinary
research that theoretically maps software measurements and Bl dashboard development.

The proposed Bl-oriented COSMIC measurement framework in this study suggests
that the application of COSMIC to Bl dashboard development is feasible and effective. An
empirical experiment with 150 BI development projects illustrated that practitioners who
used Data Studio (or other Bl platforms) could size them with COSMIC-ISO/IEC 19761 and
then use such software functional size to build effort estimation models. Therefore, with
decisions informed by data rather than intuition or guesswork, the proposed Bl-oriented
COSMIC measurement framework supports stakeholders in making informed decisions
regarding the allocation of suitable resources to BI dashboard development projects.

We posited that the proposal of this Bl-oriented COSMIC measurement framework is
beneficial to Bl practitioners in the following ways:
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It offers the first theoretical COSMIC application for BI dashboard development.
This is a novel theoretical basis that presents the BI dashboard as a measurable
software component.

It has the potential to be published as a guideline in COSMIC-ISO/IEC 19761 for BI
dashboard development. This will extend the Bl-oriented COSMIC measurement
framework as an applicable reference for other BI dashboard projects in the future.
It offers a theoretical alignment between COSMIC and Vercellis’ methodology [16], as
presented in Figure 8 and Table 21, for implementing BI platforms and explains how
COSMIC can be used to assist in the project management of BI phases.

Requirements

vl

Planning 1

vt

COSMIC

Analysis

Fy

v 1

Design

v 1

Implementation

v 1

Delivery

Figure 8. Incorporating COSMIC with [16] methodology for implementing the BI platform.

Table 21. Vercellis’ BI phases and corresponding COSMIC tasks.

BI Phase Description COSMIC Tasks
Requirements What the dashboard must achieve. Used when functional user requirements are gathered.
Plannin Timeline, scope, cost, technologies, and comparing Used for early estimation, benchmarking and
& with historical data. comparing with previous COSMIC-sized projects.
Analvsis Detailed specifications of functional processes, and Used when functional processes, and data movements
y data sources. (E, X, R, W) are defined.
L Build the architecture of the system and deliver a Used when’a proF otype or mock-up of the BI .
Designing . dashboard is available prior to development. This can
prototype or mock-up to validate before development. confirm the functional size
. Practitioners start building the dashboard based on Used for‘pro]ect mgmtormg that deve} opmentis
Implementation revious phases progressing according to plan (e.g., with respect to
P P ’ functional size and effort estimates).
Delivery The dashboard is produced and documented. Used for benchmarking and productivity analysis

along with estimation models.

6.5. Practical Implications of Applying COSMIC to BI Dashboard and How the Proposed Machine
Learning Techniques Can Support Practitioners in Real-World Applications

In addition to the proposed theoretical contribution of COSMIC and business intelli-

gence (BI), this section provides a summary of the related practical implications as follows:

Software development effort estimation: Since COSMIC can be applied to software
development before development starts, Bl and digital marketing analytics practition-
ers can build estimation models (e.g., using Stacking Regressor or Linear Regression
model) at the requirements and design phases supporting early resource planning
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and budget approval. This will reduce the time needed for manual estimation, which
supports faster project planning and decision-making;

e A benchmark across other BI and digital marketing analytics projects: practitioners
can use the functional sizes to compare productivity, time, and budget across teams
and projects;

e ML model selection to build estimation models: This study offers a guideline for BI
and digital marketing analytics practitioners building their own estimates. The high
performance of Stacking Regressor, Linear Regression, and Voting Regressor provides
an initial direction on recommended ML models;

e Data collection and planning: While dataset size is important, this study stresses the
importance of data quality. The results indicate that organizations should focus on
reliable datasets to build reliable estimation ML models. In addition, this study offers
two datasets at the proposal of researchers and practitioners for future work directions.

7. Conclusions

Business intelligence (BI) dashboards are important tools for visualizing organizational
performance by presenting key performance indicators (KPIs) through interactive data
visualization. Because dashboard development goes through phases, such as requirements,
planning, analysis, design, implementation, and delivery, BI dashboard development
requires effort and cost.

To ensure that software functionality is delivered on time and within budget, previous
studies on estimating the effort of software development posit that estimating software
development plays a crucial role in effective software project management. COSMIC func-
tional size measurement is considered the standard method. It provides a standardized
software functional size that is independent of technology and programming languages.
To the best of our knowledge, no theoretical foundation that maps COSMIC to BI dash-
board development has been established. Consequently, Bl and digital marketing analytics
practitioners are unable to gather reliable measures, such as COSMIC, to estimate future de-
velopment projects. Therefore, this study offers a theoretical foundation that maps COSMIC
concepts and rules with BI to measure the functional size of BI dashboard development
and explains it with examples.

Next, the COSMIC FSM method was applied to two datasets of Data Studio projects.
The resulting functional sizes were used as inputs to the ML models to predict the de-
velopment effort in hours. The outcomes of these ML models showed that projects with
consistent, low-variability effort should be prioritized when collecting or selecting data
for training effort-estimation models, and recommended the use of Stacking Regressor,
Linear Regression, and Voting Regressor models for similar datasets because these models
recorded the highest standardized accuracy for predicting BI development efforts with
high generalization performance.

In addition, this study offers a theoretical foundation between the COSMIC and BI
dashboard concepts, which provides novel theoretical mapping that presents BI dashboard
setups as measurable software components. It also presented how BI and digital mar-
keting analytics practitioners can incorporate COSMIC with Vercelli’'s methodology for
implementing dashboards and how to use the functional size measurement of various BI
technologies, such as Tableau, Power BI, and Data Studio, for benchmarking, estimation,
and planning.

To our knowledge, this study is the first on BI and digital marketing analytics dash-
board development and COSMIC, and the results of the empirical study demonstrate
the feasibility of applying functional size for Data Studio and for using functional size in
predicting BI dashboard development efforts.
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Future work will aim to extend this BI-oriented COSMIC measurement framework to

address the following limitations:

This empirical study focused on Data Studio projects. In future work, we aim to
address other BI platforms, such as Power Bl and Tableau;

The proposed COSMIC measurement framework for BI dashboards should be in-
vestigated through large-scale empirical studies involving diverse BI projects across
different industries and organizational contexts to assess its generalizability and mea-
surement consistency;

Future studies could investigate the relationship between COSMIC functional size
and actual development effort in Bl projects using industry datasets, which would
provide practitioners with quantitative baselines for project planning and control;
Future work should isolate the individual contributions of measurement scope, feature
distributions, and project population characteristics to the accuracy differences ob-
served among datasets in this study, using controlled datasets that vary along only one
of these dimensions at a time, since the present study’s resampling analysis could rule
out sample size as an explanation but could not independently isolate these remaining
factors from effort variability;

Future work could also examine low-code and workflow-based analytics platforms, where
the functional boundary between data transformation pipelines and reporting output
challenges conventional COSMIC measurement assumptions, and new mapping rules
may be needed to account for their node-based modular development paradigm;
Future work should also examine dataset heterogeneity using additional project-
level covariates such as practitioner experience, data-source count, transformation
complexity, dashboard reuse, number of visuals, security requirements, refresh logic,
testing effort, and project type, applying stratified, grouped, or hierarchical analyses
where such data becomes available;

This study has several limitations related to data provenance. Formal inter-rater mea-
surement reliability was not assessed, as this was not part of the original measurement
design and the original measurers are not available for re-measurement. Practitioner
and organizational clustering of projects and detailed effort-recording procedures are
not reported beyond what is available in Appendix A;

Future work could explore alternative feature-engineering approaches that preserve
CFP as the standard COSMIC size measure while yielding uniquely identifiable,
interpretable estimates of each data movement type’s contribution to effort.

Supplementary Materials: Executable analysis code reproducing all empirical tables and figures in

this manuscript is available at: https://github.com/muntherqasaimeh/EmpricalWork.git (accessed
on 8 September 2026).
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Appendix A

Table Al. Dataset 1 of the 50 Data Studio projects—Experiment 1.

Project ENTRY READ WRITE EXIT COSMIC Functional Actual Effort (Hours)
Movements Movements Movements Movements Size (CFPs)

P1 14 13 8 8 43 144
P2 12 9 7 7 35 8.6
P3 12 10 7 7 36 114
P4 4 4 3 3 14 3.8
P5 8 7 4 4 23 6.3
P6 9 8 5 5 27 8.3
P7 12 9 6 6 33 11.3
P8 6 5 3 3 17 6.7
P9 7 4 4 4 19 6.2
P10 9 8 5 5 27 9.2
P11 15 12 8 8 43 11.9
P12 14 12 8 8 42 15.2
P13 12 10 6 6 34 11.3
P14 11 9 6 6 32 11.2
P15 13 10 7 7 37 14.8
P16 7 5 4 4 20 7.4
P17 6 6 4 4 20 6.4
P18 10 8 6 6 30 10.1
P19 6 4 3 3 16 5.7
P20 8 6 5 5 24 4.8
P21 14 11 8 8 41 10.6
P22 14 12 8 8 42 16.1
P23 13 10 7 7 37 7.8
P24 13 9 7 7 36 12

P25 12 10 7 7 36 12.6
P26 15 11 8 8 42 94
P27 7 7 4 4 22 6.8
P28 13 11 7 7 38 14.1
P29 6 4 3 3 16 5.3
P30 7 7 4 4 22 6.5
P31 11 8 6 6 31 8.4
P32 10 8 6 6 30 104
P33 6 4 3 3 16 49
P34 6 5 4 4 19 4.7
P35 6 3 3 3 15 3.2
P36 11 11 7 7 36 8.7
P37 9 9 6 6 30 11.6
P38 10 8 6 6 30 7.8
P39 6 4 3 3 16 34
P40 9 7 5 5 26 10

P41 12 10 7 7 36 7.7
P42 7 6 4 4 21 6.6
P43 5 4 3 3 15 5

P44 13 11 7 7 38 10.6
P45 15 12 8 8 43 17.2
P46 6 4 3 3 16 4.8
P47 8 6 4 4 22 5.7
P48 11 8 6 6 31 10.3
P49 12 10 7 7 36 12.5
P50 8 6 4 4 22 7.6
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Table A2. Dataset 2 of the 100 Data Studio projects—Experiment 2.

ENTRY READ WRITE EXIT COSMIC Functional

Project Movements Movements Movements Movements Size (CFPs) Actual Effort (Hours)
P1 5 5 5 2 17 3.28
P2 1 5 3 4 13 2.5
P3 2 5 5 5 17 3.12
P4 5 3 2 2 12 242
P5 5 4 2 5 16 3.1
P6 4 3 1 5 13 2.53
P7 1 2 4 1 8 1.55
P8 2 1 1 1 5 1.2
P9 5 4 3 2 14 2.83

P10 2 1 1 3 7 14
P11 3 5 1 1 10 1.85
P12 4 3 1 4 12 2.27
P13 4 1 4 3 12 2.5
P14 3 5 2 5 15 2.75
P15 3 3 4 2 12 2.27
P16 3 5 1 5 14 2.75
P17 5 5 4 5 19 3.53
P18 4 2 3 5 14 2.65
P19 2 4 5 4 15 3.1
P20 1 3 3 4 11 2.35
P21 5 3 1 1 10 1.87
P22 2 4 1 2 9 1.68
P23 2 5 1 2 10 1.98
P24 5 4 3 3 15 2.92
P25 5 1 1 5 12 2.35
P26 4 5 1 1 11 1.98
P27 1 5 1 1 8 1.65
P28 3 4 5 1 13 24
P29 5 5 3 5 18 3.53
P30 4 4 1 5 14 2.72
P31 5 2 2 1 10 22
P32 4 1 4 5 14 2.48
P33 2 4 2 5 13 242
P34 4 4 5 2 15 2.77
P35 4 2 3 1 10 2.2
P36 4 4 5 2 15 2.83
P37 2 4 5 5 16 3.15
P38 3 1 1 3 8 1.82
P39 2 2 5 2 11 2.12
P40 5 4 5 4 18 3.48
P41 1 3 1 2 7 14
P42 5 2 3 3 13 242
P43 4 5 3 3 15 3.08
P44 3 2 4 5 14 2.63
P45 1 3 5 1 10 2.02
P46 5 4 1 5 15 3
P47 1 3 4 5 13 2.62
P48 5 1 3 4 13 2.65
P49 4 2 1 2 9 1.73
P50 3 2 2 2 9 1.8
P51 4 2 2 4 12 2.28
P52 4 4 4 1 13 2.63
P53 2 1 2 1 6 1.25
P54 1 5 3 1 10 1.87
P55 3 3 5 2 13 2.67
P56 3 4 4 1 12 2.43
P57 1 5 2 5 13 2.77
P58 5 2 3 2 12 243
P59 5 4 1 4 14 2.63
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Table A2. Cont.

Project ENTRY READ WRITE EXIT COSMIC Functional Actual Effort (Hours)
Movements Movements Movements Movements Size (CFPs)
P60 4 4 5 5 18 3.48
P61 2 4 2 1 9 1.7
P62 5 4 2 4 15 2.97
P63 4 1 3 4 12 2.35
P64 5 5 5 5 20 3.6
P65 4 1 4 2 11 2.35
P66 4 3 3 2 12 2.27
P67 4 2 1 4 11 2.12
P68 3 5 4 4 16 3.02
P69 2 5 2 1 10 1.97
P70 5 4 2 1 12 2.4
P71 5 2 5 1 13 2.72
P72 3 2 4 5 14 2.9
P73 3 5 5 1 14 2.77
P74 2 2 4 1 9 1.98
P75 4 4 3 5 16 3.07
P76 2 5 4 3 14 2.77
P77 2 2 3 2 9 2.05
P78 4 3 4 4 15 2.98
P79 2 3 3 2 10 1.82
P80 5 5 5 2 17 3.07
P81 5 3 4 2 14 2.57
P82 4 2 1 3 10 1.93
P83 1 2 2 5 10 2.13
P84 5 4 5 1 15 2.97
P85 5 1 4 4 14 2.72
P86 5 1 4 5 15 2.9
P87 3 3 3 2 11 2.25
P88 1 4 3 1 9 2.03
P89 1 3 3 1 8 1.6
P90 3 3 2 2 10 1.83
P91 3 3 2 2 10 2.02
P92 3 5 3 3 14 2.53
P93 2 3 3 5 13 2.63
P94 4 4 3 1 12 2.52
P95 4 2 3 4 13 2.67
P96 3 4 5 2 14 2.5
P97 2 3 5 5 15 3.03
P98 4 2 3 3 12 2.38
P99 4 2 5 3 14 2.55
P100 3 4 4 5 16 2.83
Table A3. Model configurations and hyperparameters used in the repeated cross-validation
experiment—all models were implemented using scikit-learn version 1.8.0.
Model Library/Class Hyperparameters Feature Scaling

Ordinary least squares; no regularization

Linear Regression sklearn.linear_model.LinearRegression (default fit_intercept = True) No

Decision Tree sklearn.tree.DecisionTreeRegressor ?;iﬁ;iﬁiltnat:et’ Isléiend_samples_leaf =3, No

Support Vector Regressor sklearn.svm.SVR kernel = ‘rbf’, C = 10, epsilon = 0.1 Yes (StandardScaler)

K-Nearest Neighbors sklearn.neighbors. KNeighborsRegressor n_neighbors = 5 Yes (StandardScaler)
n_estimators = 100, random_state = seed

AdaBoost Regressor sklearn.ensemble.AdaBoostRegressor (base estimator: No

DecisionTreeRegressor(max_depth = 3),
scikit-learn’s resolved default)
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Table A3. Cont.

Model Library/Class Hyperparameters Feature Scaling
n_estimators = 100, random_state = seed
Bagging Regressor sklearn.ensemble.BaggingRegressor (b'ase estima?or: DecisionTr.egRegres,sor() No
with unrestricted depth, scikit-learn’s
resolved default)
Gradient Boosting Regressor  sklearn.ensemble.GradientBoostingRegressor ?;ﬁ;gﬁ:ats(t):i’::lgge’crlnax—dep th=3, No
Random Forest Regressor sklearn.ensemble.RandomForestRegressor ?a_rfs’t;r;llatS(:;i,::Zé)eOe,Crlnax_dep th=6 No
Extra Trees Regressor sklearn.ensemble.ExtraTreesRegressor ?;risl’gﬁats(:;i‘.::Z;)eOe,crlnax_depth =6 No
Unweighted average of: Linear
Regression (defaults) + Decision Tr .
Voting Regressor sklearn.ensemble.VotingRegressor (rﬁgxisse;t}f :'e4, mi?_sanf;!(ses(ileafef 3)+ gz:;:vl\:efrl;r;riljlg
K-Nearest Neighbors (n_neighbors = 5,
scaled)
Base learners: Linear Regression
(defaults) + Decision Tree
Stacking Regressor sklearn.ensemble.StackingRegressor irrli)l(\fgaerzts}tl ;g’gﬁéﬁ;iiﬁﬂggﬁ?ﬁ; 2)5/ g;:é‘i\gfrl;r;rliﬁg
scaled); final_estimator =
LinearRegression(); internal cv = 5
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