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Abstract.

Purpose: The manual construction of a Work Breakdown Structure (WBS) is inherently susceptible to human cognitive
biases; hence, the objective of this research shifts toward Intelligent Automation, leveraging a Decision Support System
(DSS) to replicate expert financial logic.

Methods: The dataset comprises 30 validated sprint records from 23 internal projects; other WBS documents were
excluded due to incomplete sprint details. Pre-processing involved completeness checks and One-Hot Encoding of team
role compositions, without feature scaling. A Decision Tree Regressor, Random Forest Regressor, and Hybrid Model
(Voting Regressor) were evaluated using 3-fold cross-validation based on MAPE, RMSE, and R? metrics.

Result: The Random Forest Regressor demonstrated the best relative performance among the three models, achieving
a MAPE of 23.55%, an RMSE of IDR 35.27 million, and an R2 of -0.535. Across the 30 sprint predictions, the Random
Forest model showed a mean deviation of 23.55% * 31.69%, a median of 9.98%, and a range of 0.78%-125.33%,
highlighting performance variation across sprints and supporting the model's application within a human-in-the-loop
framework. Feature importance analysis identified “sprint_duration_days™ as the dominant feature, followed by
“role_programmer_jr" and “role_ga_sr".

Novelty: These findings demonstrate the system's practical contribution, particularly in streamlining budgeting
bureaucracy by accelerating the process from days of manual preparation to just a few minutes through automated
execution.
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INTRODUCTION

In the modern software development industry, the Agile methodology has become a crucial approach due
to its flexibility in iteratively responding to changing requirements. However, project economic governance
continues to face challenges regarding software cost and effort estimation—particularly when estimates
rely heavily on expert judgment, story points, or planning artifacts with varying information quality [1],
[2], [3], [4]- In industrial practice, manually compiling cost components within a Work Breakdown
Structure (WBS) demands a high level of consistency, while factors such as team experience, information
quality, and iterative estimation processes can impact accuracy [1], [3], [5]. These obstacles underscore the
need for computational tools that leverage historical data patterns to support decision-making without
bypassing the Project Manager's validation.

Recent studies have applied data-driven cost/effort models, ensemble learning, Bayesian networks, tree-
based models, natural language processing, and machine learning to Agile and software effort estimation
[2], [51, [6], [7], [81, [9], [10], [11], [22], [13], [14], [15], [16], [17], [18], [19]. However, most research
focuses on effort or story points at the project or user story level, utilizes cross-company public datasets, or
employs functional attributes that do not align with internal Work Breakdown Structure (WBS) structures
[61, [7], [8]. [9], [10], [11], [12], [15], [16], [17], [18], [19]. The literature also indicates that differences in
schemes, units of analysis, organizational contexts, and sample sizes can limit the direct transferability of
models across datasets [20], [21], [22], [23], [24], [25], [26]. Consequently, the research gap addressed here
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lies not in the use of One-Hot Encoding or Random Forest as novel techniques, but rather in how operational
sprint parameters specifically duration and role composition are translated into WBS cost structures at the
sprint level of granularity and presented through a transparent Decision Support System (DSS).

To address this gap, this study presents a data-driven Decision Support System (DSS) based on supervised
regression to replicate sprint-level WBS cost estimates. Human resource features are granularly
decomposed using One-Hot Encoding, allowing the system to learn how variations in role composition
across sprints interact with “sprint_duration_days’. The study aims to: (1) compare Decision Tree
Regressor, Random Forest Regressor, and Hybrid Model (Voting Regressor) approaches using validated
internal sprint data; (2) determine the final model using MAPE as the primary criterion, RMSE as the
nominal error measure, and R2 as a diagnostic metric; and (3) analyze feature importance to understand the
non-linear relationships between sprint parameters and WBS cost estimates. The practical contribution is
an initial estimation assistant that complements expert reviews and supports Project Manager decision-
making [25], [26], [27], [28], [29], [30].

METHODS

The study employs an "Experiment-First" approach that integrates machine learning within the context of
Software Engineering Economics. The research workflow is structured in stages, ranging from WBS data
acquisition and validation, selection of complete sprint records, pre-processing and feature engineering,
development of three regression models, 3-fold cross-validation, evaluation using MAPE/RMSE/R?
metrics, and final model selection, to feature importance analysis. These stages are summarized in Figure
1 and detailed in the following section to ensure the process can be replicated with greater transparency
[25], [26], [27], [28], [29], [30].

Research Flow Framework

Acquisition of historical Validation & selection 30 validated sprints Pre-processing &
company WBS of sprint completeness (23 projects) One-Hot Encoding
Selection of RF & Evaluation of MAPE, 3-Fold Decision Tree /
Feature Importance RMSE, and R? Cross-Validation Random Forest / Voting

Figure 1. Research flow framework

The dataset used consists of primary, data-driven information sourced from historical Work Breakdown
Structure (WBS) records of Agile-based software projects. Following the company's validation process, 30
sprint records from 23 projects met the criteria for sprint-level information completeness and were utilized
as units of analysis, as summarized in Table 1. Other WBS documents were excluded due to insufficient
detail regarding duration and/or role composition per sprint. Selecting validated records ensures consistency
in features and targets while avoiding the reconstruction or imputation of unverifiable information. With a
scope of 30 sprints, the evaluation focuses on prototype validation within the context of the company's
internal data, allowing model results to be interpreted in alignment with the available data.

Table 1. Description of the research dataset

Unit of Analysis Sprint Level

Data Coverage 30 sprint tervalidasi dari 23 proyek internal

Independent Variables (X)  “sprint_duration_days" and the quantity of specific team roles (after One-Hot Encoding)
Dependent Variable (Y) WBS_Estimation; also recorded as “Actual_Cost™ with an identical value in the data export
Exclusion Criteria WABS entries lacking complete sprint details, specifically duration and/or role composition

The pre-processing stage begins by verifying the completeness of the required values for each sprint.
Textual data regarding role composition is then converted into numerical variables using One-Hot
Encoding, allowing differences in role presence or quantity to serve as model features. Feature scaling is
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not applied because the three algorithms tested are tree-based or rely on combinations of tree-based
predictions and do not require scaling to determine splits. The target variable remains in Rupiah so that the
output can be directly interpreted as a WBS estimate. To provide context for generalization, the
characteristics of the internal dataset are structurally compared against the public benchmarks listed in
Table 2 [31], [32], [33].

Table 2. Structural comparison of internal dataset and public benchmark

Dataset Granularitas Size Key Target/Attribute Relevansi terhadap Studi
Company- Sprint 30sprint/23  WBS cost; sprint duration; role Most suitable for a WBS-based
internal proyek composition DSS within the company's internal

context; the data is proprietary.

Albrecht Project 24 proyek Function points/size dan effort Classic effort benchmark; units and

targets are not identical to sprint
WBS costs.

Maxwell Project 62 proyek Size, personnel, Project-level benchmarks; does not
schedule/environmental factors, provide the same sprint WBS
actual effort structure

ISBSG Development and 13.147 Size, effort, schedule, platform, Large external benchmark base;

D&E Enhancement proyek D&E  development techniques schema mapping and data access

Project (rilis 2025) required prior to head-to-head
testing.

The comparison in Table 2 is methodological rather than a comparison of performance figures. Albrecht
and Maxwell focus on project-level effort, whereas ISBSG maintains a much larger repository but employs
schemes and attributes that do not align perfectly with the internal WBS data [31], [32], [33]. As the current
research data export does not provide equivalent feature mappings across these benchmarks, neither data
merging nor head-to-head testing was performed to avoid an "apples-to-oranges" comparison; external
validation following schema alignment has been designated as a topic for future research.

Model validation employed 3-fold cross-validation with randomization, meaning that in each iteration,
approximately two-thirds of the data were used for training and one-third for testing. MAPE was selected
as the primary criterion for model selection due to its provision of an easily interpretable relative error
measure; RMSE served as the nominal error measure (in Rupiah), while R? was treated as a diagnostic
metric for generalization capability rather than a measure of effect size. The Random Forest model was
selected as the final model if it yielded the lowest MAPE, with RMSE and R2 used to verify the consistency
of this decision. Given the sample size (n=30) and the high number of encoded features, performance
interpretation was contextualized within the internal dataset, with due regard for sensitivity to fold
composition [25], [26], [27], [28], [29], [30]. To ensure reporting remained based on verifiable outputs,
fold-level mean + standard deviation statistics for MAPE and R? were not reconstructed, as the processed
data export contained neither fold identifiers nor per-fold metric logs. As a readily available measure of
dispersion, the study reports the mean + standard deviation of the error per sprint for Random Forest
predictions in the results section.

RESULT AND DISCUSSION

Comparative Analysis of Machine Learning Automation Against the Company's WBS Baseline
This study positions the organization's historical WBS_Estimation as the target for replicating expert
judgment. In the exported dataset used, the Actual_Cost column contains values identical to the
WBS_Estimation across all 30 sprints; consequently, an Error WBS of 0% represents definitional
consistency with the historical target rather than a predictive metric against independent realized costs.
Given this setup, the Machine Learning model focuses on replicating the Project Manager's WBS estimates
based on the available sprint data patterns. A comparison of WBS values and Random Forest predictions
across all sprints is presented in Table 3.

Table 3. Comparison of WBS values and random forest predictions across 30 sprints

Sprint_ID Actual_Cost WBS_Estimation ML_Prediction_RF Error_WBS (%) Error_ML_RF (%)
PROYEK_57_SPRINT_1 88821250 88821250 84872577.35 0.0 4.445640
PROYEK_57_SPRINT_2 101072500 101072500 82814115.90 0.0 18.064641
PROYEK_56_SPRINT_1 100975000 100975000 73231959.03 0.0 27.475158
PROYEK_55_SPRINT_1 69444735 69444735 71988401.84 0.0 3.662865
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Sprint_ID Actual_Cost WBS_Estimation ML_Prediction_RF Error_WBS (%) Error_ML_RF (%)

PROYEK_55_SPRINT_2 68235031 68235031 76279650.25 0.0 11.789574
PROYEK_55_SPRINT_3 95755869 95755869 83809886.93 0.0 12.475457
PROYEK_53_SPRINT_1 58821994 58821994 71323442.55 0.0 21.253017
PROYEK_52_SPRINT_1 76338500 76338500 83806907.55 0.0 9.783278
PROYEK_16_SPRINT_1 71297100 71297100 75165136.44 0.0 5.425237
PROYEK_13_SPRINT_1 61317018 61317018 63043496.70 0.0 2.815660
PROYEK_13_SPRINT_2 61317018 61317018 62593636.86 0.0 2.081998
PROYEK_51_SPRINT_1 76338500 76338500 78087785.60 0.0 2.291485
PROYEK_20_SPRINT_1 78447500 78447500 83700316.66 0.0 6.695964
PROYEK_17_SPRINT_1 87174500 87174500 96488903.13 0.0 10.684780
PROYEK_12_SPRINT_1 73565298 73565298 75213146.43 0.0 2.239981
PROYEK_12_SPRINT_2 73565298 73565298 76168839.38 0.0 3.539089
PROYEK_15_SPRINT_1 73565298 73565298 74765628.41 0.0 1.631653
PROYEK_54_SPRINT_1 81655215 81655215 73345798.73 0.0 10.176222
PROYEK_54_SPRINT_2 81655215 81655215 75025644.52 0.0 8.118980
PROYEK_19_SPRINT_1 132730000 132730000 86067222.94 0.0 35.156164
PROYEK_18 SPRINT_1 76589566 76589566 71463858.23 0.0 6.692436
PROYEK_18_SPRINT_2 73565298 73565298 72988844.32 0.0 0.783595
PROYEK_14_SPRINT_1 61317018 61317018 63062987.58 0.0 2.847447
PROYEK_4_SPRINT_1 55344094 55344094 88393862.84 0.0 59.716885
PROYEK_5_SPRINT_1 77080949 77080949 132306233.13 0.0 71.645828
PROYEK_3_SPRINT_1 46573647 46573647 104945471.63 0.0 125.332304
PROYEK_6_SPRINT_1 202096690 202096690 56104892.61 0.0 72.238589
PROYEK_45_SPRINT_1 49182078 49182078 99175924.34 0.0 101.650537
PROYEK_46_SPRINT_1 106491810 106491810 141526738.59 0.0 32.899177
PROYEK_41 SPRINT_1 82033249 82033249 55103477.87 0.0 32.827873

Based on the 30 rows in Table 3, the Random Forest percentage absolute deviation shows a mean of 23.55%
(standard deviation: 31.69%), a median of 9.98%, and a range of 0.78%-125.33%. Most sprints exhibit
relatively low error rates compared to a few extreme cases, while some sprints show deviations exceeding
100%. This distribution underscores the importance of interpreting performance at the sprint level and
maintaining Project Manager validation when the DSS is applied to diverse project characteristics.
PROYEK_13 SPRINT_1and PROYEK 13 SPRINT_2 are recorded as distinct Sprint_IDs; although they
share the same WBS target, they yield different ML_Prediction_RF and Error_ML_RF values, reflecting
the model's response to the specific feature combinations present in each sprint.

The practical implication of these results is that the DSS can assist in generating initial estimates based on
historical patterns in a structured, human-in-the-loop manner. Project Managers retain the role of validating
business context, sprint characteristics, and high-deviation predictions, ensuring that the model's output
serves as analytical support to strengthen the WBS estimation process using the company's internal data.

Machine Learning Algorithm Performance Evaluation

Three regression architectures Decision Tree Regressor, Random Forest Regressor, and Hybrid Model
(Voting Regressor) were evaluated using 3-fold cross-validation. In accordance with the criteria established
in the Methodology, MAPE was used as the primary metric for model selection, RMSE as the measure of
nominal error, and R? as a diagnostic indicator of generalization capability. A summary of the metrics for
the three models is presented in Table 4.

The results in Table 4 indicate that the Random Forest Regressor is the best-performing model among the
three candidates: it achieved the lowest MAPE (23.548050%) and RMSE (Rp35,273,980), as well as the
highest R2 value (-0.535332—closest to zero) compared to the Decision Tree and Hybrid Model. Since all
three criteria point to the same candidate, the Random Forest was selected as the final model for the study.

Table 4. Summary of global comparative metric evaluation
Estimation Method / Approach MAPE (%) RMSE (Rp) R2 Score
Decision Tree Regressor 32.335201 47.316.490 -1.762602
Random Forest Regressor 23.548050 35.273.980 -0.535332
Hybrid Model (Voting Regressor) 26.788135 39.866.070 -0.961102

The manual WBS baseline was not included as a predictive model in Table 4 because the target dataset was
derived from the same WBS values; consequently, the baseline's MAPE of 0 and R2 of 1 reflect the data
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construction rather than predictive capability regarding an independent target. Among the machine learning
models, all R? values from the testing phase were negative. In this evaluation, a negative R? indicates that
the model's squared error exceeds that of a simple predictor based on the target mean. Therefore, the
Random Forest's R2 of -0.535 serves as a diagnostic indicator that there is still room to improve
generalization, even though the Random Forest model demonstrated the best performance among the three
candidates based on MAPE, RMSE, and R2.

The combination of a 23.55% MAPE, negative R2, error standard deviation per sprint, and internal data
coverage suggests that the Random Forest model is best suited as a DSS prototype within a human-in-the-
loop framework. The findings support the viability of using Random Forest as a DSS prototype to learn and
replicate internal WBS patterns within the scope of the research data, with Project Managers retaining the
responsibility of validating the generated predictions. Comparisons with the Albrecht, Maxwell, and ISBSG
models in this study focused on dataset characteristics (Table 2); numerical cross-dataset testing would
require prior mapping of equivalent features and targets [31], [32], [33].

Analysis of Feature Contribution (Feature Importance) and Expert Logic

The research's theoretical contribution focuses on translating sprint-level Agile management parameters
into a Work Breakdown Structure (WBS) cost estimation framework capable of non-linear learning. To
identify the features contributing most significantly to the formation of Random Forest splits, Feature
Importance values were extracted and are presented in Figure 2. This metric serves as an indicator of the
relative importance of features within the model, rather than as a directional coefficient or evidence of a
causal relationship.

Analisis Konstribusi Fitur Kehadiran Tim terhadap Biaya Sprint (Random Forest)

sprint_duration_days
role_programmer_jr
role_qa_sr
role_sys_analyst
role_programmer_mdy
role_backend_programmer
role_db_admin

role_ga
role_application_support
role_programmer_sr2
role_network_admin_mdy
role_network_admin
role_project_leader
role_bisnis_proses_sr
role_programmer_srl
role_sys_analyst_sr
role_tw

role_ui_ux
role_db_admin_sr
role_bisnis_proses
role_project_director
role_admin_staff
role_application_staff
role_bisnis_proses_mdy

0.'0 O,II 0.|2 0.'3 0:4
Tingkat Kepentingan Fitur (Feature Importance)
Figure 2. Analysis of team presence feature contribution to sprint cost (Random Forest)
The visualization in Figure 2 shows that “sprint_duration_days" is the most dominant feature, followed by
“role_programmer_jr*, “role_ga_sr’, and “role_sys_analyst’. This ranking indicates that the split decisions
in the Random Forest model are primarily influenced by variations in sprint duration, followed by variations
in team role composition. Consequently, the interpretation of feature importance focuses on the relative
significance of the features in shaping WBS cost predictions across the 30 analyzed sprints.

The findings can be analyzed through two mutually reinforcing lenses as follows:

1) Machine Learning Algorithmic Mechanics. Random Forest constructs multiple decision trees and
captures patterns through non-linear splits and feature interactions. Features exhibiting variations that
are more informative for reducing impurity are assigned higher importance. Consequently, the
dominance of “sprint_duration_days™ and specific role features reflects a combination of frequency,
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variation, and interaction across the 30 sprints; this ranking is interpreted as a reflection of model
behavior rather than a causal relationship [25], [26], [27], [28], [29], [30].

2) WBS Management Realities. Sprint duration and role composition are operational parameters that can
jointly alter cost requirements for each sprint. In the model results, “role_programmer_jr° and
‘role_ga_sr~ emerged as the role features with the highest importance after “sprint_duration_days",
followed by “role_sys_analyst’. This ranking indicates that WBS cost patterns are learned from the joint
variation between duration and team composition; thus, cost estimation relies not merely on a single
standard rate assumption but on non-linear patterns formed by the combination of available features.

Thus, the framework's novelty lies in operationalizing Agile parameters at the sprint level—specifically
duration and role composition into a non-linear Work Breakdown Structure (WBS) cost mapping that is
interpretable via Feature Importance. This interpretability provides Project Managers with insights into
which features most strongly influence the model's decisions, while complementing analyses of pricing
policies, work complexity, and expert validation regarding contextual factors beyond the model's features.

CONCLUSION

Based on the computational experiments conducted, the research objective was achieved through the
development of a data-driven Decision Support System (DSS) designed to replicate sprint-level WBS
estimates using 30 validated sprints from 23 internal projects. Among three candidates, the Random Forest
Regressor was selected as the final model, yielding the lowest MAPE (23.548050%), the lowest RMSE
(IDR 35,273,980), and the highest R2 (-0.535332). The negative R2 value and the error standard deviation
per sprint of 31.69% led to the model being positioned as a decision support prototype within the internal
data context, with potential for performance enhancement through data expansion and validation in future
research.

Feature importance analysis identified “sprint _duration_days™ as the dominant feature, followed by
“role_programmer_jr* and “role_ga_sr . These findings support the study's primary contribution: translating
sprint duration and role composition into a non-linear WBS cost estimation structure at the sprint
granularity level. Practically, the DSS functions as a preliminary decision support tool within a human-in-
the-loop framework; the model provides estimates based on historical patterns, while the Project Manager
reviews business context, sprint characteristics, and predictions showing high deviation.

Within the scope of this study, validation was performed on 30 validated sprints, as only these records
contained sufficient detail regarding duration and role composition. "WBS_Estimation™ served as the target
variable; in the exported data, its values were identical to the “Actual_Cost™ column, meaning the evaluation
focused on the model's ability to replicate historical WBS estimates rather than on independent realized
costs. As fold identifiers/logs were unavailable in the output, MAPE and R2 statistics per fold could not be
reconstructed; furthermore, head-to-head performance testing against public benchmarks was not
conducted because the feature and target schemes were not equivalent to those of the internal dataset.
Despite these scope limitations, the study successfully provides preliminary evidence of the internal DSS
prototype's feasibility and establishes a clear direction for future development. Future research could
expand the dataset by incorporating as many validated sprints as data availability allows, including
independent realized costs where available, recording metrics for each fold and considering repeated or
nested cross-validation, and performing external validation after mapping the schema to benchmarks such
as Albrecht, Maxwell, or ISBSG.
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