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Abstract
Keywords Cost overruns and schedule delays remain persistent challenges in information
IT project management, cost technology (IT) project management, often resulting in increased expenses,
overrun prediction, schedule delay missed deadlines, and reduced project performance. These issues commonly
prediction, machine learning, deep  stem from inaccurate cost and time estimates, changing project requirements,
learning, hybrid ensemble, inadequate resource allocation, technical complexity, and ineffective
Random Forest, gradient boosting, ~ stakeholder communication. Despite advances in project management
SVR, MLP, explainable AL methodologies and tools, these challenges are still difficult to manage because

of the dynamic and unpredictable nature of IT projects. This paper

implements and empirically evaluates a hybrid machinelearning and deep-

Article History learning framework that jointly predicts percentage cost overrun and
Received: 05 August 2026 percentage schedule delay from information available at project initiation.
Accepted: 19 October 2026 Using a dataset of 5,000 software projects, we train a Random Forest (RF),

Published: 12 November 2026 a gradientboosted tree model (a scikitlearn implementation of the XGBoost
approach), Support Vector Regression (SVR) with an RBF kernel, and a three-
hiddenlayer Multilayer Perceptron (MLP), and we combine them through a
validationweighted hybrid ensemble. The models are compared against a

Copyright @Author median baseline on a held-out test set (n = 750) using the mean absolute error
Corresponding Author: * (MAE), root mean squared error (RMSE), and coefficient of determination
Muhammad Sajid (R2), with projectlevel bootstrap confidence intervals. The hybrid ensemble
Magbool reduces the test MAE by roughly 35% (cost) and 36% (schedule) relative to

the baseline, reaching R2 values of 0.655 and 0.718, respectively. The hybrid
ensemble is statistically indistinguishable from the best single model (Random
Forest) for both targets. Permutation importance shows that the predictive
signal comes almost entirely from the planned budget and planned duration,
whereas project size, team size, requirement changes, developer experience,
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and complexity contribute essentially nothing. A data audit further shows that
the planned and actual values in this dataset are uncorrelated (|r| < 0.02)
and that the binary Delay and Budget Overrun labels are exact functions of
the actual values. These findings indicate that the high R2 is largely a
mechanical consequence of the ratio-based target definition and that the
dataset is likely synthetic.

1. INTRODUCTION

Information technology projects support digital
transformation  across education, finance,
healthcare, government, and commerce. Their
success depends on delivering the required
functionality within an acceptable budget and the
planned schedule. Despite advances in software
engineering practices and project management
methodologies, forecasting the final cost and
duration remains difficult. Initial estimates may
become unreliable when the project scope
changes, requirements are misunderstood,
technical dependencies increase, or experienced
staff become unavailable. Traditional techniques,
such as expert judgment, analogy-based
estimation, parametric models (e.g., COCOMO),
and Earned Value Management (EVM), are useful
for project planning and monitoring but may
struggle to capture complex nonlinear
relationships among project characteristics.
Machine learning (ML) can learn such
relationships from historical project records, while
deep learning (DL) can learn complex
representations of input features. However, deep
learning does not automatically outperform tree-
based methods on moderately sized tabular
datasets [1], [2]. Hybrid models that combine
multiple learning algorithms have also been
investigated for cost and schedule prediction [3].
This paper implements and empirically evaluates a
hybrid machinelearning and deep-earning
framework for jointly predicting percentage cost
overrun and percentage schedule delay using
information available at project initiation. The
study aims to: (i) identify project characteristics
associated with cost and schedule deviations; (ii)
develop machine-learning models for predicting
cost overrun and schedule delay; (iii) implement a
deep neural network for the same prediction tasks;
(iv) integrate the predictions through a validation-

weighted ensemble; and (v) compare the
performance of the individual and hybrid models
under a consistent evaluation protocol that
includes uncertainty estimates. The evaluated
models include Random Forest (RF), a gradient-
boosted tree model based on the XGBoost
approach, Support Vector Regression (SVR) with
a radial basis function (RBF) kernel, and a three-
hidden-layer Multilayer Perceptron (MLP). Their
performance is compared with a median baseline
on a held-out test set using the mean absolute error
(MAE), root mean squared error (RMSE), and
coefficient of determination (R2).

The experimental results show that the hybrid
ensemble reduces the test MAE by approximately
35% for cost overrun prediction and 36% for
schedule delay prediction relative to the median
baseline, achieving R? values of 0.655 and 0.718,
respectively. These results indicate that the
ensemble captures substantial variation in both
targets compared with a simple baseline. However,
the ensemble is statistically indistinguishable from
the best-performing individual model, Random
Forest, for both prediction tasks. This finding
suggests that combining multiple algorithms does
not necessarily provide a statistically significant
improvement over a strong tree-based model on
the dataset under investigation. Furthermore,
permutation feature importance reveals that the
planned budget and planned duration account for
almost all of the predictive signal, whereas project
size, team size, requirement changes, developer
experience, and project complexity contribute
negligibly.

The dataset audit also identifies important
limitations: the planned and actual project values
are nearly uncorrelated (|r| < 0.02), and the
binary Delay and Budget Overrun labels are exact
functions of the corresponding actual values.
These findings raise concerns about the dataset’s
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realism and indicate that the observed predictive
performance may largely reflect the mathematical
construction of the ratio-based targets rather than
meaningful  relationships  between  project
characteristics and project outcomes.
Consequently, although the experimental results
demonstrate  the  framework’s  predictive
performance on the available data, they do not
establish its generalizability to realworld IT
projects. This study therefore emphasizes the
importance of dataset validation, target-definition
analysis, and independent real-world evaluation
when developing machine-learning systems for
project risk prediction.

The remainder of this paper is organized as
follows. Section 2 reviews related studies on IT
project cost and schedule prediction. Section 3
describes the dataset, preprocessing procedures,
target definitions, and the proposed methodology.
Section 4 presents the experimental results and
comparative evaluation. Section 5 discusses the
findings, limitations, and implications for
practical project management. Finally, Section 6
concludes the study and outlines directions for
future research.

2. LITERATURE REVIEW

2.1 Traditional Estimation and Monitoring
Techniques

Expert judgment, analogy-based estimation, and
parametric models such as COCOMO provide
useful baselines when reliable historical data exist,
but they are less adaptable when historical patterns
change. EVM indicators such as the Cost
Performance Index (CPI) and Schedule
Performance Index (SPI) support baseline
monitoring but do not by themselves guarantee
accurate forecasts of the final cost or completion
time.

2.2 Machine Learning and Deep Learning for
Project Prediction

ML has been widely investigated for software effort
estimation and project performance prediction
[1], [2]. Random Forest handles nonlinear
relationships and interactions among mixed
predictors; gradient boosting (e.g., XGBoost)

builds additive tree ensembles that iteratively
correct residual error; and Support Vector
Regression learns nonlinear mappings through
kernel functions. A Multilayer Perceptron (MLP)
can approximate complex nonlinear functions,
but deep models usually require larger datasets to
generalize and should not be assumed to
outperform tree ensembles on tabular data.

A recent systematic review of 39 studies published
between 2016 and 2024 examined ML, DL,
regression, and hybrid models for cost estimation
across several sectors [2]. It reports average
accuracies of roughly 75-80% for ML models, 70-
80% for regression models, and 85-90% for deep
learning, and it concludes that deep-learning and
hybrid models are the most accurate. These figures
are aggregated over heterogeneous datasets,
targets, and accuracy definitions, so they indicate
a general trend rather than a controlled
comparison of algorithms, and they do not settle
whether deep models keep their advantage on
moderately sized tabular datasets such as the one
studied here.

Hybrid prediction combines complementary
learners to reduce dependence on the weaknesses
of any single model; related work has applied
hybrid and optimized neural approaches to the
joint prediction of project cost and time in civil-
engineering projects [8].

2.3 Empirical Studies in Related Project
Domains

Most empirical evidence comes from construction
and infrastructure projects rather than software
projects. Park et al. [15] analyzed 83 sewage
pipeline projects in South Korea and compared
statistical, machine-learning, and deep-learning
regression models for duration prediction, using
hyperparameter  optimization, k-fold cross-
validation, and R?, RMSE, MAE, and MSE as
metrics. Debero and Sinesilassie [18] used
questionnaire data from public building projects
in Hosanna, Ethiopia, to evaluate classical time-
cost and time-floor-area models built with linear
regression and proposed an alternative parametric
model based on Random Forest, XGBoost,
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decision tree, K-nearest neighbor, and polynomial
regression.

Sohrabi and Noorzai [17] estimated cost overrun
for 68 water-related projects using EVM-based
time and cost factors together with risk and
uncertainty variables. They found that accounting
for uncertainty improved accuracy, that ensemble
algorithms such as Random Forest and AdaBoost
were the most accurate, and that SVR with a

sigmoid kernel was the best single algorithm. Taha
et al. [18] trained an MLP with 128, 64, and 32
ReLU units (the same layer sizes as the MLP used
in this study) on 5,000 simulated scenarios built
from 20 survey-derived risk factors and validated it
on eight real projects, obtaining a test R? of 0.82
and average errors of 0.87 months and EGP
102,500. Table 1 summarizes these studies and
contrasts them with the present work [19].

Table 1. Comparison of selected related studies and the present work

Relevance and

(2016-2024)

across several

2] ML, DL, regression,
and hybrid models

sectors; cost
estimation

Ref. | Domain and data Methods Main findings N
limitation
Systematic review Supports
of 39 studies Average accuracy of about ML/DL/hybrid use;

75-80% (ML), 70-80%
(regression), and 85-90%
(DL); DL and hybrid

models most accurate

accuracies come
from heterogeneous
studies and are not
directly comparable

Statistical, ML, and
83 sewage pipeline DL regression;
[15] projects, South

Korea; duration

hyperparameter
optimization; k-fold
cross-validation

using R2, RMSE, MAE, and

1. Duration only;

Compares model families Vi
small sample;

evaluation protocol

similar to this study

MSE

Pl.lbhc building al. models (linear
projects, Hosanna, .
(18] Ethiopia; regression); RF,
. . XGBoost, decision
questionnaire

. tree, KNN
data; duration ’ ’

Bromilow and Love et

polynomial regression

Proposes an ML-based Survey-based data;

duration only; no
cost target

alternative to classical time
models for early duration
estimation

68 water-related
[17] projects; cost
overrun

variables; RF,

based reasoning;

MAPE and NRMSE

EVM factors plus risk

AdaBoost, SVR; case-

, , Cost only;
Uncertainty variables Vs

improved accuracy;
ensembles most accurate;
SVR (sigmoid) best single

model

competitive
ensembles are
consistent with the
RF and boosting
results here

MLP (128-64-32); 20

Irrigation canal- i
§ risk factors from 93

lining projects,

Joint time and cost,
but trained on

Test R% of 0.82; mean . .
simulated scenarios

(22] ) via AHP-RII; leave- errors of 0.87 months and )

Egypt; duration ) and validated on
one-project-out EGP 102,500 )

and cost validation only eight real

projects
Civil-engineering Hybrid ML with . . ) Close‘st. antecedent
28] | projects; cost and optimized neural Joint prediction of project for joint hybrid
ti;ne ‘ networks ‘ cost and time prediction; not

software projects

https://ijournalar.com

| Sulaman et al., 2026 |

Page 1205



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 7 * November 2026
S’OQO tso(f t\x{a?e RF, gradient boosting,
This | Projectsionstn SVR, MLP, and
undocumented); oy .
study validation-weighted
cost overrun and hvbrid ensemble
schedule delay v

Hybrid cuts MAE by about | IT/software domain
35-36% vs. baseline (R? = with joint targets,
0.655 and 0.718) but does | leakage control, and

a dataset audit;
dataset likely
synthetic

not significantly beat RF;
signal comes from planned

values only

2.4 Research Gap and Motivation

Taken together, these studies show that tree
ensembles, kernel methods, and neural networks
can all be competitive, that no single model family
is reported as best across all of them, and that
results depend strongly on dataset size and feature
quality. Three gaps remain. First, most evidence
comes from construction and infrastructure
projects with small samples (68 and 83 projects in
[17] and [15], respectively), and comparable
evidence for IT and software projects is scarce.
Second, many studies model cost or time
separately; Taha et al. note that most earlier
construction research treated them in isolation
[10]. Third, the studies in Table 1 emphasize
predictive accuracy, whereas a systematic audit of
target construction, label leakage, and dataset
realism is not their focus, and the use of simulated
training scenarios in [10], validated on only eight
real projects, illustrates why such checks matter.
The literature therefore motivates (a) joint
modeling of cost and schedule outcomes, (b)
controlled comparison of ML and DL models
using identical data partitions and metrics, (c)
explicit leakage prevention, and (d) interpretable
outputs that managers can act on. These four
concerns shape the design described in Section 3.

3. PROPOSED METHODOLOGY

The proposed study adopts a quantitative,
experimental research methodology to develop
and evaluate a hybrid machine-learning and deep-

learning framework for predicting software project
cost overruns and schedule delays at the project
initiation stage. A dataset of 5,000 completed
software projects is used, containing 11 original
variables: project size, team size, estimated and
actual budget, estimated and actual duration,
requirement changes, developer experience,
project complexity, delay, and budget overrun.
The dataset is first examined for missing values
and duplicate records, and the targets are then
constructed using percentage-based formulas for
cost overrun and schedule delay. To prevent data
leakage, the actual budget, actual duration, and
existing binary outcome labels are excluded from
the input features, ensuring that predictions rely
only on information available at project initiation.
Four additional features (Size_per_Member,
Budget_per_Month, Req_Volatility, and
Budget_per_Size) are engineered, and project
complexity is one-hot encoded, resulting in 13
input features.

The dataset is randomly divided into training
(70%), validation (15%), and test (15%) subsets.
Four predictive models—Random Forest (RF),
Gradient Boosting, Support Vector Regression
(SVR), and a Multilayer Perceptron (MLP)—are
developed and tuned wusing validation-based
hyperparameter search. Their predictions are
subsequently combined by a hybrid ensemble
whose optimal weights are determined on the

validation data. The overall workflow is shown in
Fig. 1.
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Methodology: Predicting Cost Overruns and Delays in IT Projects
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o . x
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9 Final Results

Fig. 1. Proposed methodology flow.

The framework predicts two continuous

outcomes, cost overrun (%) and schedule delay
(%), which are evaluated using MAE, RMSE, and
R2. In addition, bootstrap resampling and five-fold
cross-validation are employed to assess model
reliability, and the predicted outcomes are
categorized into low, moderate, and high risk
levels. A separate binary classification experiment
is also conducted using Random Forest, Gradient
Boosting, RBE-SVC, MLP, and a mean-probability
hybrid model to predict project delays and budget
its performance is assessed using
accuracy, and ROC-AUC. Finally,

permutation feature importance is applied to

overruns;
Fl-score,

examine the contribution of each input variable.

3.1 Research Data

The dataset (software_project_dataset_5000.xlsx)
contains 5,000 projects and 11 wvariables:
Project_Size, Team_Size,
Estimated_Duration_ Months,
Actual_Duration_Months,  Estimated_Budget,
Actual_Budget, Requirement_Changes,
Developer_Experience_Years,

Project_Complexity (Low/Medium/High), and
two binary labels, Delay and Budget_Overrun.
There are no missing values and no duplicate
rows. No project identifier, project type, or date is
provided; therefore, chronological validation was
not possible.

3.2 Target Construction
Following the research design, the two continuous
targets are defined as:

Cost overrun (%)
(Actual_Budget Estimated_Budget) Estimated_Budget 100

(1)

Schedule delay (%) =
(Actual_Duration Estimated_Duration) Estimated_Duration 100

(2)

All planned (estimated) budgets and durations are
strictly positive, so the formulas are valid for every
record. Positive values indicate overruns or delays,
whereas negative values indicate completion
under budget or ahead of schedule.
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3.3 Leakage Control and Feature Engineering
Because the framework is intended as an early-
warning tool, only information available at project
initiation is used as input. Actual_Budget,
Actual_Duration_ Months, Delay, and
Budget_Overrun are excluded from the
predictors. A data audit confirmed why this
matters: in 100% of records, Delay equals 1 exactly
when the actual duration exceeds the estimated
duration, and Budget_Overrun equals 1 exactly
when the actual budget exceeds the estimated
budget. A leakage test in which the actual values
were added as inputs enabled a Random Forest to
classify these labels with 98.8% (Delay) and 98.1%
(Budget_Overrun) test accuracy, which does not
represent a legitimate forecast.

Four features were engineered from initiation-time
variables: Size_per_Member (project size + team
size), Budget_per_Month (estimated budget +
estimated duration), Req_Volatility (requirement
changes + estimated duration), and
Budget_per_Size (estimated budget + project size).
Project_Complexity was one-hot encoded. The
final design matrix has 13 features.

3.4 Data Partitioning and Preprocessing
Records were split at random (seed 42) into
training (n = 3,500; 70%), validation (n = 750
15%), and test (n = 750; 15%) sets. Each record
corresponds to one project, so no project spans
two partitions. Standardization (fitted on the
training data only) was applied for the SVR and
the MLP, whereas the tree models used raw
features. Targets were also standardized for the
SVR and MLP, and the predictions were
transformed back to the percentage scale before
evaluation. No outliers were removed: large
overruns (maximum 5,217%) are genuine
consequences of the target definition rather than
data errors.

3.5 Models Used in Experiments

¢ Median baseline. Predicts the training-set
median of each target.

¢ Random Forest (RF). 300 trees per target; the
maximum depth, minimum leaf size, and feature

fraction were selected by random search on the
validation set (12 draws).

¢ Gradient boosting (XGBoost-type). The
XGBoost library was not available in the execution
environment; therefore, scikit-learn’s
GradientBoostingRegressor was used, which
implements the same additive-tree boosting idea
with shrinkage, subsampling, and column
sampling. The learning rate, number of trees,
depth, subsample ratio, and feature fraction were
tuned by validation random search (12 draws).
The results should therefore be read as
representative of gradient boosting in general, not
of the XGBoost library itself.

¢ Support Vector Regression (SVR). RBF kernel
on standardized inputs and targets; C, v, and €
were tuned by validation random search (10
draws).

¢ Multilayer Perceptron (MLP). A single multi-
output network with hidden layers of 128, 64, and
32 ReLU units, the Adam optimizer (learning rate
0.001), a batch size of 32, and up to 200 epochs,
with early stopping on a held-out 15% of the
training data (patience 15). Training stopped after
43 epochs. Because scikit-learn’s MLP does not
support dropout, L2 regularization (a = 0.01)
replaced the 0.20 dropout proposed in the design.
Hybrid ensemble. The hybrid ensemble combines
the four component models. For each target k, the
ensemble prediction is:

y(H)k = Zm=14wm,k - ym k
(3)

where V.., is the prediction of model m for target
k, wpni > 0, and Z, w,, = 1. The weights were
obtained by minimizing the mean squared error
on the validation predictions using a constrained
optimizer (SLSQP); the test set was never used for
weighting.

3.6 Evaluation Protocol

All models share identical data partitions. Test-set
MAE, RMSE, and R? are reported. Uncertainty is
quantified with 1,000 bootstrap resamples of the
test set, and the hybrid model is compared with
the baseline and with the best single model using
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the paired bootstrap difference in MAE. Five-fold
cross-validation on the development data (training
plus validation) is reported for the two tree models
as a robustness check.

Risk categories follow the proposed thresholds
(Low: <5%; Moderate: 5% to <10%; High: >10%)
and are assigned separately for cost and schedule
from the continuous predictions; they are
therefore threshold-based categorizations rather
than independently trained classifiers. Finally,
because the dataset provides binary labels,
classifiers (RF, gradient boosting, RBE-SVC, MLP,

Table 2. Dataset characteristics

and a mean-probability hybrid) were also trained
for Delay and Budget_Overrun using the same
initiation-time features. Permutation importance
(15 repeats, test set, RZ scoring) was used in place
of SHAP, which was unavailable.

4. RESULTS AND ANALYSIS

4.1 Dataset Description

Table 2 summarizes the dataset characteristics, and
Table 3 reports the descriptive statistics of the raw
variables.

Characteristic

Value

Total number of projects

5,000

Data source

software_project_dataset_5000.xlsx (single
sheet; origin not documented)

Collection period

Not provided

Input features (after engineering)

13

Cost overrun, median / mean

17.7% / 145.5%

Schedule delay, median / mean

23.1% / 141.2%

Projects with Delay = 1 / Budget_Overrun = 1 58.2% / 56.9%
Missing-value rate / duplicate rows 0% /0
Complexity (Low / Medium / High) 1,656 / 1,683 / 1,661
Train / validation / test sizes 3,500/ 750 / 150
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Table 3. Descriptive statistics of the raw variables

Variable Mean Std Min Median Max
Project size 529.57 276.41 50.00 534.00 999.00
Team size 11.19 493 3.00 11.00 19.00
Estimated duration (months) 12.17 6.59 1.00 12.00 23.00
Actual duration (months) 15.09 8.32 1.00 15.00 29.00
Estimated budget 256,350 142,726 10,018 255,458 499,998
Actual budget 301,435 172,221 12,056 298,810 599,848
Requirement changes 24.65 14.34 0.00 25.00 49.00
Developer experience (years) 7.62 3.97 1.00 8.00 14.00
Delay (0/1) 0.58 0.49 0.00 1.00 1.00
Budget overrun (0/1) 0.57 0.50 0.00 1.00 1.00
Cost overrun (%) 145.49 447.37 —97.42 17.74 5,217
Schedule delay (%) 141.24 383.39 —95.65 23.08 2,800

Both targets are strongly right-skewed (skewness of
5.30 for cost and 4.03 for schedule; Fig. 2), with
medians of 17.7% and 23.1% but means above
140%. The two targets are essentially uncorrelated
with each other (r = 0.009), so cost and schedule

deviations behave as independent outcomes in

this dataset, which weakens the rationale for joint
modeling on these data. Median outcomes differ
little across complexity levels (cost: 17.6%, 19.4%,

and 16.3%
respectively; Fig. 4).
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Fig. 2. Distributions of cost overrun (%) and schedule delay (%).
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The correlation matrix (Fig. 3) is the most
revealing exploratory result. Cost overrun
correlates with the estimated budget (r = —0.51)
and schedule delay with the estimated duration (r
= —0.56), but all other predictors have |r| <0.03
with either target. Moreover, the estimated and
actual budgets are uncorrelated (r = —0.009), as

are the estimated and actual durations (r =
—0.015). Hence, actual outcomes behave as
random draws independent of the plan, and a
percentage target divided by the plan will
automatically be lower for larger plans. This is a
statistical artifact of the ratio, not evidence that
large budgets “cause” smaller overruns.

Size

Team

Est.Dur

Est.Budget

Req.Chg

Dev.Exp

Cost OR %

Sched. Delay %

Size -
Team -
Est.Dur

(=)
Est.Budget - o
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- 0.50

- 0.25

- 0.00

- —0.25

- —0.50

—0.75

—1.00

Req.Chg -

Dev.Exp -

Cost OR % -
Sched. Delay %

Fig. 3. Pearson correlation matrix of predictors and targets.
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Fig. 4. Cost overrun and schedule delay by project complexity.
4.2 Cost Overrun Prediction
Table 4. Test-set performance for cost overrun (percentage points)
Model MAE RMSE R2
Median baseline 178.3 405.2 —0.090
Random Forest 115.1 232.1 0.642
Gradient Boosting (XGBoost-type) 115.5 228.9 0.652
SVR (RBF) 154.2 282.0 0.472
MLP (128-64-32) 130.6 250.4 0.584
Hybrid ensemble 115.2 228.1 0.655

All learned models clearly outperform the median
baseline (R? = —0.090). Random Forest and
gradient boosting are the strongest single models
(MAE of 115.1 and 115.5, respectively); the MLP
is somewhat weaker (R2 = 0.584), and SVR is the
weakest (R2 =0.472). The hybrid ensemble obtains

the lowest RMSE (228.1) and the highest R?
(0.655) but not the lowest MAE, where Random
Forest is marginally ahead (115.1 vs. 115.2). The
MAE of roughly 115 percentage points is large in
absolute terms because the target ranges from

—97% to over 5,000%.
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4.3 Schedule Delay Prediction

Table 5. Test-set performance for schedule delay (percentage points)

Model MAE RMSE R?
Median baseline 171.0 392.1 —0.094
Random Forest 109.7 198.8 0.719
Gradient Boosting (XGBoost-type) 110.2 197.6 0.722
SVR (RBF) 111.0 209.1 0.689
MLP (128-64-32) 112.5 200.1 0.715
Hybrid ensemble 109.1 199.1 0.718

The pattern is similar. The hybrid ensemble has
the lowest MAE (109.1), while gradient boosting
has the best RMSE (197.6) and R? (0.722). The
four learners are much closer to each other than
for cost: the MLP (R% = 0.715) is competitive with

the tree models, and SVR (R? = 0.689) is only
slightly behind. The ensemble does not improve
materially on the best single model. Figs. 5 and 6
visualize the model comparison and the hybrid
predictions, respectively.
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Fig. 5. Test MAE, RMSE, and R? for all models and both targets.
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Fig. 6. Hybrid-ensemble predictions versus actual values on the test set.
4.4 Hybrid Ensemble Weights and Statistical Comparison
Table 6. Validation-optimized ensemble weights
Target RF Gradient boosting SVR MLP
Cost overrun 0.188 0.812 0.000 0.000
Schedule delay 0.548 0.000 0.452 0.000
The optimizer concentrates the weight on one or neural network adds no complementary

two models (RF and gradient boosting for cost; RF
and SVR for schedule) and assigns zero weight to
the MLP for both targets, which suggests that the

information beyond the tree and kernel models on
these features.

Table 7. Bootstrap uncertainty (1,000 resamples, test set)

Target Comparison Mean MAE gain 95% CI
(pp)
Cost Hybrid vs. median baseline 63.6 [42.9, 85.5]
Hybrid vs. best single (Random Forest) —0.00 [—3.55, 3.83]
Schedule Hybrid vs. median baseline 62.0 [43.5, 81.6]
Hybrid vs. best single (Random Forest) 0.54 [—2.04, 3.36]

The hybrid’s improvement over the baseline is
large, and its confidence interval excludes zero for
both targets. Its difference from Random Forest,
the best single model, is tiny, and the interval
spans zero (cost: [—3.55, 3.83]; schedule: [—2.04,
3.36]). We therefore cannot claim that the hybrid
is better than the best individual model.

Five-fold cross-validation on the development data

gave a mean R? (+ SD) of 0.655 + 0.082 (RF) and

0.633 + 0.083 (gradient boosting) for cost, and
0.692 + 0.017 and 0.651 = 0.041 for schedule,
which is consistent with the test results. The fold-
to-fold spread for cost (SD = 0.08) shows that R2
for the heavy-tailed cost target is sensitive to a few
extreme projects, which is also visible in the wide

bootstrap interval for the hybrid’s R ([0.46, 0.77]).
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4.5 Explainability: What Drives the Predictions
Table 8. Top five features by mean permutation importance (AR2, averaged over RF and gradient
boosting)
Rank Cost overrun AR? Schedule delay AR?
1 Estimated Budget 1.439  Estimated Duration Months 1.062
2 Budget per Month 0.014  Budget per Month 0.040
3 Budget per Size 0.011 Req Volatility 0.009
4 Estimated Duration Months 0.002  Team Size 0.003
5 Team Size 0.001 Estimated Budget 0.001

The estimated budget dominates cost-overrun

predictions (AR? =

1.44), and the estimated

duration dominates schedule-delay predictions

(AR? = 1.06); every other feature, including
requirement changes, team size, developer
experience, project complexity, and the

engineered ratios, has an importance close to zero
(Fig. 8). Because importance does not imply

causation, and because the dominant effect is a
ratio artifact (Section 4.1), this result should not
be read as managerial guidance that “bigger
budgets prevent overruns.” Instead, it indicates
that, in these data, none of the project-
characteristic variables that the framework was
designed to exploit carry predictive information.
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Fig. 8. Top-10 permutation importances for cost overrun and schedule delay.

4.6 Deep-Learning Training Behavior
The MLP trained for 43 epochs before early
stopping, with a best internal validation R? of

0.668 on the standardized targets (Fig. 9). Early
stopping on a validation split limited overfitting.

As noted above, the network performed below the
tree models for cost and on a par with them for
schedule, which is consistent with the cautions in
the literature that DL need not outperform tree
ensembles on moderately sized tabular data.
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Fig. 9. MLP training loss (left) and validation score (right).

4.7 Threshold-Based Risk Classification

On the test set, 388 of 750 projects (51.7%) are
High costrisk, 347 are Low, and only 15 are
Moderate; for schedule, 429 are High, 300 are
Low, and 21 are Moderate. The thresholds of 5%

and 10% are very tight relative to the spread of the
outcomes, so the Moderate band is almost empty,
and the macro metrics are therefore pulled down
by a class that the models cannot learn.
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Table 9. Risk-category performance derived from continuous predictions

Target Model Accuracy Balanced Macro-F1
accuracy

Cost Median baseline 51.7% 33.3% 0.227
Random Forest 69.5% 49.0% 0.492
Gradient Boosting (XGBoost-type) 69.6% 49.1% 0.492
SVR (RBF) 63.6% 42.9% 0.429
MLP (128-64-32) 69.1% 47.1% 0.470
Hybrid ensemble 69.7% 49.2% 0.493

Schedule Median baseline 57.2% 33.3% 0.243
Random Forest 67.1% 45.8% 0.458
Gradient Boosting (XGBoost-type) 66.8% 45.4% 0.454
SVR (RBF) 67.9% 45.6% 0.456
MLP (128-64-32) 65.1% 43.7% 0.437
Hybrid ensemble 67.3% 45.4% 0.455

The hybrid reaches 69.7% accuracy for cost and
67.3% for schedule, against 51.7% and 57.2% for
the always-High baseline. Macro-F1 is below 0.50

because the Moderate class is almost never
predicted correctly (Fig. 10).

Cost overrun risk Schedule delay risk
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Fig. 10. Confusion matrices of the hybrid ensemble’s risk categories.
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4.8 Binary Classification of the Dataset’s Delay and Budget Overrun Labels
Table 10. Test-set classification results using initiation-time features only

Target Model Accuracy Fl-score ROC-AUC

Delay Majority baseline 60.0% 0.750 0.500
Random Forest 68.8% 0.732 0.767
Gradient Boosting (XGBoost- 70.4% 0.754 0.765
type)
SVC (RBF) 69.1% 0.746 0.763
MLP 70.1% 0.757 0.769
Hybrid (mean prob.) 69.5% 0.750 0.770

Budget Overrun ~ Majority baseline 55.3% 0.712 0.500
Random Forest 71.6% 0.755 0.801
Gradient Boosting (XGBoost- 71.5% 0.757 0.794
type)
SVC (RBF) 70.9% 0.749 0.802
MLP 70.7% 0.751 0.793
Hybrid (mean prob.) 71.1% 0.753 0.801

Without leaked inputs, all models achieve an
accuracy of roughly 69% to 72% and a ROC-AUC
of about 0.76 to 0.80, a moderate improvement
over the majority-class baseline (60% and 55%).
This level is again explained by the planned
duration and budget: a project with a very short
plan is likely to exceed it, and one with a very long
plan is likely to finish early, simply because the
actual values are independent draws. The hybrid
(mean probability) does not outperform the best
single classifier.

5. DISCUSSION

Three conclusions follow. First;, ML and DL
models substantially outperform a median
baseline on both regression targets, and the results
are stable under crossvalidation and bootstrap
resampling. Second, the proposed hybrid
ensemble is at least as good as the individual
models but provides no statistically demonstrable
gain over Random Forest or gradient boosting,
and the validation-optimized weights discard the
MLP entirely. Simple tree ensembles are thus the
most economical choice here. Third, and most
important, the predictive success is not evidence

that project characteristics such as team size,
requirement volatility, complexity, or developer
experience forecast overruns. These characteristics
have no measurable relationship with the targets,
and the dominant signal comes from the
denominator of the target formula.

These results are consistent with synthetic data in
which the actual budget and duration are
generated independently of the plan and of all
other variables: the actual-versus-estimated
correlations are near zero, requirement changes
and complexity show no effect, and the two
outcomes are independent of each other. If the
dataset were real, the same evidence would imply
that the planning process had no informational
value, which is unlikely. We recommend verifying
the data provenance before using these results for
decision-making.

5.1 Practical Implications

¢ Predictions from this dataset should be treated
as a demonstration of the pipeline, not as a
validated forecasting tool for real IT projects.

¢ Percentage-based targets can create misleading
R? values through the denominator; reporting
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absolute-error targets (e.g., overrun in currency
units or months) alongside percentages is
advisable.

¢ Leakage audits (checking whether labels are
deterministic functions of other columns) should
precede any modeling.

¢ For real deployment, the framework should be
rerun on organizational data containing richer
predictors (project type, methodology, technology
novelty, defect and change-request history, and
time-stamped progress).

5.2 Limitations

¢ Asingle random split with one seed was used,
and cross-validation was applied only to the two
tree models.

¢ XGBoost and SHAP were unavailable, so
scikitlearn gradient boosting and permutation
importance were used; the MLP used L2
regularization instead of dropout.

¢ The hyperparameter search was limited to 10-
12 random draws per model.

¢ No timestamps or project types were available,
so chronological validation and cross-domain
generalization could not be tested; an LSTM
extension was therefore not applicable.

¢ Heavytailed targets make MAE and R?
sensitive to a few extreme projects; log-
transformed or quantile models could be
explored.

6. CONCLUSION

This paper implemented the proposed hybrid ML
and DL framework on 5,000 software projects and
compared Random Forest, gradient boosting,
SVR, an MLP, and a validation-weighted ensemble
under a single leakage-controlled protocol. The
best models reduced the MAE by about 35%
relative to a median baseline, and the R? of the
learned models ranged between 0.47 and 0.72.
However, the hybrid did not significantly
outperform the best single model, and almost all
of the predictive power came from the planned
budget and planned duration. The data audit
indicates that this dataset cannot support
conclusions about the managerial drivers of
overruns and delays. Future work should validate

the pipeline on authentic, time-stamped project
records, include richer features, and test the LSTM
and stacking extensions.
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  ( 𝑨 𝒄 𝒕 𝒖 𝒂 𝒍 _ 𝑫 𝒖 𝒓 𝒂 𝒕 𝒊 𝒐 𝒏   𝑬 𝒔 𝒕 𝒊 𝒎 𝒂 𝒕 𝒆 𝒅 _ 𝑫 𝒖 𝒓 𝒂 𝒕 𝒊 𝒐 𝒏 )   𝑬 𝒔 𝒕 𝒊 𝒎 𝒂 𝒕 𝒆 𝒅 _ 𝑫 𝒖 𝒓 𝒂 𝒕 𝒊 𝒐 𝒏     𝟏 𝟎 𝟎


                            ŷ ( 𝑯 ) 𝒌   =   𝜮 𝒎 = 𝟏 𝟒   𝒘 𝒎 , 𝒌   ·   ŷ 𝒎 , 𝒌

