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Accurate construction cost estimation is essential for effective budgeting, planning, and 

decision-making throughout the project lifecycle. This study evaluates the performance of 

three boosting-based machine learning (ML) models, including Gradient Boosted 

Regression Trees (GBRT), Extreme Gradient Boosting (XGBoost), and Adaptive Boosting 

(AdaBoost), for predicting building project costs using real construction project data. The 

models were developed using construction cost components extracted from Bills of 

Quantities and were assessed through multiple evaluation indicators, including coefficient 

of determination (R²), mean absolute error (MAE), mean squared error (MSE), and root 

mean square error (RMSE). Five-fold cross-validation and an 80/20 training-testing split 

were adopted to improve evaluation reliability. The results indicate that GBRT achieved the 

strongest overall predictive performance, obtaining R² values of 0.992 for the complete 

dataset and 0.995 for the training dataset, with relatively low prediction errors (MAE: 

approximately 1.5–2.0% and RMSE: 2.3–2.8% of the target range). XGBoost demonstrated 

moderate predictive capability (R² = 0.851) but showed a tendency to underestimate high-

cost cases and overestimate low-cost cases. AdaBoost achieved excellent training accuracy 

but exhibited a noticeable generalization gap, indicating possible overfitting. Feature 

importance analysis further identified beams and aggregated miscellaneous items as major 

contributors to cost variation. The findings suggest that boosting-based models, particularly 

GBRT, can provide reliable support for early-stage construction cost estimation while 

maintaining interpretability for engineering decision-making. 
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1. INTRODUCTION

Accurate cost prediction is a cornerstone of construction 

project management, as it has a direct impact on budgeting, 

bidding, and decision-making processes throughout the 

lifecycle of a construction project. Construction cost 

assessment is not only a fiscal exercise, but it is a core element 

of project feasibility, profitability and sustainability [1]. 

Moreover, the construction industry requires special attention 

due to their naturally high-risk nature and the enormous capital 

expenditures that are needed both in the initiation and 

completion of such projects [2]. The construction industry is 

characterized by numerous project requisites, high cost, and 

complexity. Contemporary massive and multifaceted 

construction projects involve many stakeholders, complex 

production procedures, and tight financial constraints. Making 

sure a project is finished on schedule without sacrificing 

quality is crucial for achieving incredibly precise cost 

appraisal and cost control in the construction work [3].  

The traditional techniques of cost estimation for building 

projects are based on historical data, expert opinion, and 

manual computations. These methods were associated with 

errors, delays, and overspending, which resulted in 

deficiencies and financial loss [4]. The traditional approaches 

have demonstrated that they are insufficient. Therefore, the 

absence of a methodical way to lower the estimating process's 

inaccuracy has resulted in studies that, above all, have 

attempted to use machine learning (ML) techniques, 

mathematical models, and other methods to overcome 

imprecise or perhaps incorrect predictions [5]. Since the scope 

of the work is hardly known, it is actually difficult to gather 

input data for the cost estimation procedure, which could result 

in inaccurate and imprecise estimations. Since more project 

specifications are established, there is a greater likelihood of 

producing estimates that are more accurate the more the 

project scope is known. It should be noted, too, that if the 

project is predicated on erroneous cost estimates, the 

progressive elaboration process makes cost control more 

challenging [5]. 

In recent construction management studies, ML has widely 

become a trusted tool for early cost estimation, budgetary 

control, and risk-based decision support. Cutting edge 

researches suggest that, alongside prediction accuracy, factors 

such as interpretability, robustness, and model applicability 

are important for construction managers. Consequently, this 

study evaluates not only the numerical precision but also 

residual behavior, and feature importance within a multi-

dimensional assessment framework, to bridge the gap between 
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learning models and construction cost drivers. 

In the construction industry, ML is a potent tool for 

improving optimization procedures and making precise and 

proactive cost predictions. ML is the process by which 

instructional or predictive approaches analyze vast amounts of 

data and identify trends [6]. To predict building costs, ML 

models are built using data from prior construction projects. 

Complex interdependencies between a number of variables, 

such as project scope, materials used, initial labor costs, 

location, building design, and time frames, can be identified 

by these algorithms [7]. 

The gradient boosting decision tree algorithm serves as the 

foundation for the XGB Regressor model. Prediction 

deviations of the previously trained ensemble in the training 

set are computed in each iteration. An algorithm is considered 

the best if it can minimize the error in previous iterations [8]. 

Adaptive Boosting (AdaBoost) Regressor's primary concept is 

to merge weak classifiers acquired through an iterative process 

in which a new model learns at each stage while accounting 

for the data on the faults of the earlier models [9]. The capacity 

of boosting-based models to predict complex interactions 

among project criteria like type, location, contract form, and 

duration is shown in recent studies that demonstrate its 

application in cost forecasting for building and infrastructure 

projects [10]. For example, Extreme Gradient Boosting 

(XGBoost)'s regularization methods, scalability, and 

computational economy have made it very well-liked in 

engineering research [11].  

Previous works have adopted many ML methods for 

construction cost forecasting; these methods include artificial 

neural networks (ANNs), support vector machines, random 

forests, and hybrid model optimization. It is well-established 

that ANN can deal with complex nonlinear problems but 

requires a large dataset with careful tuning. Random forests 

are a robust model that reduces variance through bagging, but 

they may reflect imprecise extrapolation in the case of a highly 

structured dataset. Furthermore, support vector machine has 

good performance with small datasets, but they will be 

sensitive to kernel and penalty selection. In this study, the 

Boosting models have been selected because of their 

sequentially correct prediction errors, efficiency for nonlinear 

relations, and the ability to give interpretable feature 

importance outputs, which are the key points in decision 

making for construction management. 

In order to expand the advantages of construction, 

accommodate future change orders, and choose the best bidder 

to meet the necessary conditions, an ML-based model for 

predicting building construction costs was developed in this 

study [5, 9]. 

2. METHODOLOGY

The study followed a reproducible, model-agnostic 

workflow implemented primarily in MATrix LABoratory 

(MATLAB) using the Statistics and Machine Learning 

Toolbox, with optional Python/XGBoost support. Project data 

were imported from an Excel worksheet where the first row 

contained variable names, and the last column represented the 

target [12]. Non-numeric fields were converted to numeric 

codes; rows with missing targets were removed, and missing 

predictor values were imputed using column medians. All 

arrays were checked for finiteness before analysis. 

A fixed random seed ensured repeatability. Data were split 

into 80% training and 20% testing via the function (cv-

partition function). For each model, besides the 80/20 data 

splitting, cross-validation with 5-fold was performed. This 

divided the dataset into 5 folds; in each iteration, four folds 

were used for training and the fifth for validation. For high 

robust performance estimate, average validation performance 

was used. This technique assured the low possibility of results 

being dependent on a single random split. Three ensemble 

regressors were trained [13]:  

(i) Gradient Boosted Regression Trees (GBRT) (LSBoost)

with shallow decision trees and a moderate learning rate; 

(ii) XGBoost using the provided trainer; and

(iii) AdaBoost with decision-tree base learners.

Where supported, 5-fold cross-validation provided

diagnostic error estimates. Each model generated predictions 

for the training set, the test set, and the full dataset [14]. 

The three models, GBRT, XGBoost, and AdaBoost, were 

selected because of their complexity and regularization levels 

of boosting strategy representation. This selection provided 

direct comparison for the traditional gradient boosting, 

regularized extreme boosting, and adaptive reweighting. 

Neural networks and Random forests were not adopted 

because the study objective was to evaluate boosting-based 

learner models. It is recommended to acknowledge them for 

future study as important benchmark models. 

Performance evaluation for all models was implemented 

using mean absolute error (MAE), root mean square error 

(RMSE), mean squared error (MSE), and coefficient of 

determination (R2). MAE and RMSE were calculated first for 

original cost, but thereafter were expressed as a percentage of 

the target range to unify the variation comparison through 

models. For more clarity, MSE was normalized using the 

square of the target range. R2 was introduced as a 

dimensionless evaluator. The percentage values were used for 

range-scaled errors, and all absolutes refer to the original cost 

scales. Plots included parity (actual vs. predicted), overlaid 

time-indexed actual/predicted curves, residuals vs. predicted, 

residual histograms with a zero line and normal fit, GBRT 

learning curves, and feature-importance bar charts. Results, 

figures, and trained models were exported for verification and 

reporting [15, 16]. 

2.1 Dataset description and preprocessing 

The dataset includes real constructed project costs with a 

target of the total project cost (measured in Iraqi Dinar ID). 

From the Bill of Quantities, major construction component 

costs represented the model predictors, such as final cost as the 

total project cost and earthwork (cut and fill), as explained in 

Table 1. The monetary variables were kept with their actual 

cost to preserve logical interpretability. Missing values were 

removed, while missing predictor values were replaced with 

the median of the corresponding variable. Variables with non-

numeric values were converted to numerical codes with 

consistent item encoding. Extreme values may represent really 

high-cost cases, so they are not automatically removed, but 

they are checked using residual plots and error diagnostics to 

evaluate the influence on model performance.  

Feature engineering was kept simple and direct to reveal the 

engineering meaning of the variables within the Bill of 

Quantities. The predictors were retained on the real scale 

because there is no need for standardization for tree-based 

models. Consistent codes were used to numerically encode 

categorical variables; furthermore, missing predictors were 
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replaced with the median values, and the records of missing 

targets were removed. Regarding outliers, they were not 

excluded directly, considering that they may represent valid 

construction cases; their effects were evaluated using residual 

histograms, parity plots, and RMSE sensitivity. 

 

Table 1. Variables and definitions for the collected dataset 

 
No. Variable Definition 

1 Final costs Total project cost 

2 Earth work Cost of cut and fill work 

3 Foundation Foundation related costs 

4 Columns Columns construction cost 

5 Beams Beams construction cost 

6 Slabs Slabs construction cost 

7 Normal concrete Concrete work cost 

8 Finishing Finishing work cost 

9 Electrical work Electrical system cost 

10 Plumbing work Plumbing system cost 

11 Other items Aggregated miscellaneous work cost 

12 Date Project time indicator 
Note: all costs in Iraqi Dinar (ID). 

 

2.2 Gradient Boosted Regression Trees 

 

GBRT is a powerful ensemble learning technique that 

builds predictive accuracy by combining many shallow 

decision trees in a sequential manner. Each new tree focuses 

on reducing the residual errors left by the previous ones, 

gradually improving performance. This boosting strategy 

makes GBRT highly effective in capturing nonlinear 

relationships while controlling overfitting through shrinkage 

and regularization.  

In comparison with single decision trees, GBRT provides 

smoother predictive outputs and better generalization 

performance, especially in cases of noisy or imbalanced data 

for regression problems. The inherent flexibility of GBRT in 

handling heterogeneous variable types, its robustness to 

outliers, and its ability to incorporate custom loss functions 

have thus made it a standard methodological choice both for 

scholarly research and for practical engineering applications. 

For reproducibility, an explicit definition was introduced for 

the principal hyperparameters. LSBoost with 300 learning 

cycles was used to train the GBRT model, with a learning rate 

of 0.10, shallow regression trees, and limited splits. 

Meanwhile, the XGBoost model was trained at a learning rate 

of 0.1, tree depth of 3, with 300 boosting rounds regularized to 

minimize overfitting. The third model, AdaBoost, was trained 

with decision tree-based learners using 300 learning cycles. 

After preliminary trials, these values were adopted for each 

model because shallow trees reduce variance, unstable fitting 

can be prevented by a moderate learning rate, and using 300 

cycles enables sufficient convergence without unnecessary 

model complexity. 

 

2.3 Extreme Gradient Boosting 

 

XGBoost is an extension of traditional boosting algorithms, 

which adds a series of computational optimizations and 

regularization techniques to significantly enhance the 

efficiency and stability of the model. The algorithm makes use 

of sophisticated tree-building methods in combination with 

parallel processing, which makes it ideally suited for big data 

and high-dimensional feature spaces. In contrast to the 

standard gradient boosting machines, XGBoost incorporates 

both L1(Regularization Lasso/Alpha) and L2 (Regularization 

Ridge / Lambda) penalties to limit the complexity of the 

model, which reduces overfitting of the model and increases 

the predictability of the results. Furthermore, its constraints on 

sparsity provide an opportunity for the direct usage of missing 

values and sparse inputs. These attributes have made XGBoost 

one of the most competitive algorithms used in data-wise 

competitions and professional data applications, where speed 

and accuracy are essential. Its scalability and versatility are the 

reasons behind its widespread adoption across the different 

fields of engineering and applied science [12, 17]. 

 

2.4 Adaptive Boosting 

 

AdaBoost is one of the first and most important boosting 

methods based on the idea of boosting the performance of 

weak learners, mostly shallow decision trees, by successive 

attention to the most difficult-to-classify individual examples. 

With each iteration, it adjusts the weights that are given to 

misclassified instances, thus forcing subsequent learners to 

give more weight to difficult cases. The final model aggregates 

all weak learners into a weighted majority vote or sum, 

yielding a strong predictor. Despite its simplicity, AdaBoost 

often achieves remarkable accuracy and is less prone to 

overfitting compared with many single models [18, 19]. It is 

particularly effective when combined with clean, moderately 

sized datasets and remains an important benchmark method in 

both classification and regression contexts. 

 

 

3. RESULTS AND DISCUSSION 

 
3.1 Gradient Boosted Regression Trees model 

 

The model assigns the greatest influence to beams, followed 

by other items, with slabs and normal concrete forming a 

second tier as shown in Figure 1. Remaining categories 

(earthwork, foundation, columns, etc.) contribute marginally 

[16, 20]. This hierarchy implies beam-related and 

uncategorized costs explain most variance. Validation with 

permutation/SHAP, checking multicollinearity, and pruning 

or consolidating weak predictors should be considered to 

streamline the model. 

 

 
 

Figure 1. Predictor importance (bar chart) 
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Figure 2. Gradient Boosted Regression Trees (GBRT) 

learning curve (train) 

 

Training RMSE drops steeply within the first (50) trees, 

then transitions to diminishing returns, declining slowly up to 

300 trees (as shown in Figure 2). This shape indicates rapid 

capture of dominant structure early, followed by fine-tuning. 

Continued reduction of training error may not translate to 

generalization; early stopping on a validation set and a smaller 

learning rate with more trees may be consider to balance 

accuracy and overfitting. 

In construction management, the reinforced concrete beam 

was costly; this is logical due to the variety of expensive 

categories within this component, like steel bars, formwork, 

skilled team, and sequencing constraints. Thus, any change in 

the cost of this component will be reflected in the total project 

cost. Furthermore, the role of “other items,” which aggregates 

many various works, may include indirect or specific costs that 

are bundled together in the Bill of Quantities. For the future 

database and to improve clarity and minimize cost uncertainty, 

this component breakdown into subcategories is required, but 

it is not a reality in the current database. 

The predicted series (for the full set) closely follows the 

actual curve, with small smoothing around sharp swings (e.g., 

the high peak near indices 4–6 and the dip/peak around indices 

12–14). Deviations are mainly at extremes, suggesting mild 

under/overestimation due to averaging in boosted trees as in 

Figure 3. Overall tracking is strong. To tighten fit at turning 

points, a lower learning rate with more trees, add 

interaction/ratio features, and outlier review may be 

considered. 

On the other hand, in Figure 4, for the training set, the two 

curves almost overlap, indicating the model captures both 

global trend and local fluctuations on the training set. Small 

lags and slight smoothing at peaks/troughs suggest limited 

averaging bias typical of boosted trees. The quality of the fit is 

high; to ensure that the model is generalizable, validation 

should be performed using a held-out dataset. Additionally, 

early stopping should be used, and the model should take a 

reduced learning rate and increased number of trees into 

consideration. 

The parity plot (Figure 5) shows a strong clustering of data 

points along the identity line, y = x, across all possible values 

and thus provides evidence of a strong agreement between the 

predicted and observed results. The reported metrics (R2 = 

0.992, RMSE ≈ 7.17 × 107) reflect high explanatory power 

with low absolute error. Dispersion is minimal and largely 

uniform, with only a slight widening at the upper tail. No 

systematic curvature or offset from the diagonal is evident, 

consistent with negligible bias and well-calibrated predictions. 

The training parity plot shown in Figure 6 shows a tight 

clustering of the data points along the identity line (y = x), thus 

indicating a good agreement between predicted and observed 

values for the entire range of magnitude. The model's fit 

statistics, R2 = 0.995 and RMSE = 5.90 × 107, bear witness to 

an extremely high explanatory capacity, as well as a low 

absolute error magnitude. Variability within the data is low 

and quite uniform; in particular, the low value group (0.45–

0.7) and the mid to high values (1.3–2.7) show almost no bias, 

and no discernible curvature with respect to the identity line. 

The bar chart of the all data (Figure 7) shows the error 

magnitude in percentage of the goal range. The MAE is about 

2.0 percent while the RMSE is larger, with a range of 2.7 to 

2.8 percent, which indicates the occasional deviations are 

larger than the average absolute error.  

 

 
 

Figure 3. Gradient Boosted Regression Trees (GBRT) actual 

vs. predicted (all) 

 

 
 

Figure 4. Gradient Boosted Regression Trees (GBRT) actual 

vs. predicted (train) 
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Figure 5. Gradient Boosted Regression Trees (GBRT) 

parity/correlation plot (all) 

 

 
 

Figure 6. Gradient Boosted Regression Trees (GBRT) parity 

(training data) 

 

 
 

Figure 7. Gradient Boosted Regression Trees (GBRT) 

performance metrics (all data) 

 
 

Figure 8. Gradient Boosted Regression Trees (GBRT) 

performance metrics (train) 

 

 
 

Figure 9. Gradient Boosted Regression Trees (GBRT) 

residuals histogram (all data) 

 

 
 

Figure 10. Gradient Boosted Regression Trees (GBRT) 

residuals histogram (train data) 
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The MSE, in terms of the squared range, is near zero 

percent, indicating a scale effect of the normalization 

procedure, but not the total absence of error. Collectively, the 

metrics denote low relative error over the full variability span 

of the response. 

The training error measures (Figure 8) are expressed 

relative to the target range. MAE is approximately (1.5%), 

while RMSE is about (2.3%), indicating occasional larger 

deviations relative to the typical absolute error. The MSE 

percentage is near zero because it is normalized by the squared 

range. Collectively, these values indicate a tight in-sample fit 

with limited dispersion and modest tail influence. 

Figures 9–10 show residual histograms (density) for all data 

and training subsets. In both, mass concentrates near the zero-

error line with unimodal, approximately Gaussian shapes. The 

training distribution (Figure 10) is slightly narrower, 

indicating lower dispersion than the aggregate (Figure 9). Mild 

central kurtosis and a modest right tail persist; residuals largely 

lie within (±1.5 × 108), with no evident multimodality 

observed. 

 

3.2 Extreme Gradient Boosting model figures 

 

The empirical time series forecasts show a comparatively 

smoothed path in comparison to the observed data (see Figure 

11). Systematic underestimation is evident during the early 

high-amplitude peaks (indices between 1 and 5) and again in 

the vicinity of the following surge (indices between 12 and 

14), while the low-amplitude troughs are overestimated, 

leading to overprediction of these values. Over the 

intermediate range (focus on indices of around 6 to 11), 

forecasted values are concentrated within a narrow interval of 

(0.6 to 0.8) × 109 and have much less variability than the 

empirical sequence. Therefore, the model fits the overall 

direction of the trend, but smooths out extreme amplitudes. 

 

 
 

Figure 11. Actual vs. predicted (all data) 

 

In the training data subset (Figure 12), the fitted curve more 

or less follows the overall trajectory but has some noticeable 

smoothing bias. The magnitudes of the upper peaks (indices 1–

5) are always smaller than those measured, and the large 

trough preceding the next spike is flattened, giving values 

larger than those of the empirical observations. The following 

ascending (indices around 12–14) is temporally linked, but of 

smaller amplitude. In the mid-range intervals, the model-

observation correspondence is significantly enhanced, 

signaling greater fidelity in periods of more gradual variation 

in the signal. 

 

 
 

Figure 12. Actual vs. predicted (training data) 

 

The importance profile is highly skewed (Figure 13). Other 

items attain the largest score, followed by beams as a clear 

second tier. A mid-level group comprises slabs, brickwork, 

normal concrete, and finishing, each contributing appreciably. 

Lower contributions appear for electric work, plumbing work, 

and a total of 11 items. Near-negligible influence is observed 

for date, columns, foundation, and bricks under DPC. In 

general, the variance explanation is concentrated in some 

limited set of predictors with diminishing impact in the 

remaining categories. 

 

 
 

Figure 13. Extreme Gradient Boosting (XGBoost) predictor 

importance 

 

Both parity plots show moderate agreement with the 

identity line (Figures 14–15), with all measures showing 

consistent agreement: R2 = 0.851, RMSE ≈ 3.12 × 108, and 

Train showing R2 = 0.843, RMSE ≈ 3.26 × 108 (values on the 

target scale). A consistent pattern is observed within the 

subsets, with observations at low actual values (typically in the 

range of 0.4–0.7) above the diagonal, a pattern consistent with 
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overprediction, and high-value cases (in the range of 2.2 and 

above) below the diagonal, a pattern consistent with 

underprediction. Mid-range points (approximately 1.3–1.9) 

are close to the diagonal with little dispersion. The absence of 

significant curvature or isolated outliers and the similarity 

between the two panels imply rather stable calibration 

characteristics, whereby the predictions follow the direction 

closely but show a compression of amplitude at the extreme. 

 

 
 

Figure 14. Extreme Gradient Boosting (XGBoost) parity (all 

set) 

 

 
 

Figure 15. Extreme Gradient Boosting (XGBoost) parity 

(training) 

 

Both panels’ report errors as percentages of the target range 

and provide a coherent profile (Figures 16–17). The MAE falls 

within the midrange (around 8–9%), whereas the RMSE is 

significantly higher (around 12–12.5%), suggesting there are 

large deviations in comparison to MAE. The market MSE bar 

is much smaller (around 1–2%) because it is normalized by the 

squared range and therefore has a compressed scale. Due to 

the regularization approach and limitation of tree depth, the 

XGBoost model showed systematic compression. Even 

though this setting ensures model stability and minimizes 

overfitting, the model's ability may be restricted to reproduce 

extreme cost cases. Consequently, this results in 

overestimating and underestimating for low-cost and high-cost 

components, respectively. This performance reveals that the 

XGBoost model works more smoothly for stable trend 

problems than for holding sharp cost peaks in the case of small 

datasets. 

 

 
 

Figure 16. Extreme Gradient Boosting (XGBoost) 

performance metrics (all set) 

 

 
 

Figure 17. Extreme Gradient Boosting (XGBoost) 

performance metrics (training) 
 

The similarity of the All and Train charts implies a similar 

error structure across subsets with just a few differences in 

magnitude and no indication of disproportionate dispersion 

clustered around a certain value band. 

Both density histograms show mass concentration to the left 

of the zero-error line and a mode at around – (1–2) × 108, thus 

proving systematic overprediction (Figures 18–19). A 

pronounced right-hand tail out to about (+8 × 108) is indicative 

of rare, large underprediction events at high values. The 

distributions are unimodal but strongly non-Gaussian; the 

overlaid normal distribution underestimates the tail heaviness. 

The training subset exhibits similar asymmetry with a slightly 

narrower spread, indicating the apparent skewness and 

amplitude to be the features of the fitted mapping rather than 
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effects of the sampling variance. Overall dispersion is on the 

order of (–4 × 108) to (+8 × 108), with the right skew dominated 

by the extended right-hand tail. 

 

 
 

Figure 18. Extreme Gradient Boosting (XGBoost) residuals 

histogram (all set) 

 

 
 

Figure 19. Extreme Gradient Boosting (XGBoost) residuals 

histogram (training) 

 

3.3 Adaptive Boosting model 

 

Across both panels, the predicted series mirrors the salient 

dynamics of the actual sequence, reproducing early high 

peaks, the sustained mid-range plateau, and the late surge. In 

the All view (Figure 20), agreement is broadly close with 

preserved phase alignment; a localized divergence appears 

around indices (~10–12), where the prediction forms an 

elevated arch while the actual series remains comparatively 

flat. Outside this interval, deviations are small and largely 

symmetric. In the Training view (Figure 21), the two curves 

are nearly indistinguishable across the entire span, matching 

both timing and amplitude of oscillations. The juxtaposition 

indicates highly faithful in-sample reconstruction and 

generally coherent tracking on the aggregate set, with 

discrepancies confined to a narrow mid-sequence segment.  

 
 

Figure 20. Adaptive Boosting (AdaBoost) actual vs 

predicted (all set) 

 

 
 

Figure 21. Adaptive Boosting (AdaBoost) actual vs 

predicted (training) 

 

 
 

Figure 22. Adaptive Boosting (AdaBoost) predictor 

importance 
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Figure 23. Actual vs. predicted (all set) 
 

 
 

Figure 24. Actual vs. predicted (training) 

 

The importance profile is distinctly left-skewed (Figure 22), 

with date and earth work exhibiting the largest contributions 

to the fitted mapping. A secondary tier is formed by other 

items, slabs, brickwork, and normal concrete, which together 

account for a meaningful share of explanatory power. 

Moderate but smaller weights appear for finishing. Minimal 

influence is assigned to columns, beams, bricks under DPC, 

electric work, plumbing work, and a total of 11 items. Overall, 

variance attribution is concentrated in a limited subset of 

predictors, with a clear drop-off across the remaining features. 

Both parity plots show predictions tightly aligned with the 

identity line. On all data (Figure 23), points across the full 

scale (×109) cluster near 𝑦 = 𝑥, with (R2 = 0.869) and RMSE ≈ 

2.92 × 108; alignment is strongest at low (≈ 0.45–0.7) and high 

(≈ 2.3–2.7) magnitudes, with no visible curvature. On the 

Training set (Figure 24), the markers lie exactly on the 

diagonal, yielding R2 = 1.000h and RMSE = 0. The visual 

patterns across both panels are consistent, showing near-

identity mapping of predicted to observed values with minimal 

dispersion and no systematic offset. 

The All panel shows MAE at roughly 2.7% of the target 

range, MSE near 1.2% (normalized by the squared range), and 

a markedly higher RMSE of about 11%. This indicates the 

presence of infrequent but large deviations that increase the 

RMSE and MSE values relative to MAE (Figures 25–26). In 

comparison, the training panel shows a compact profile, with 

MAE of approximately 1%, RMSE of approximately 1.6%, 

and MSE of approximately 2.3%, which is consistent with a 

tight in-sample fit. The disparity between panels is similar to 

previous results on parity and overlay: out-of-sample errors 

are concentrated in a small number of cases, while in-sample 

errors are small and equally distributed throughout the 

response range. 

The All histogram concentrates almost all mass at residuals 

near zero, with a conspicuous single left-tail bar around (−1.2 

× 109, units ×108), producing a strongly skewed, non-Gaussian 

shape; the normal overlay fails to capture this tail (Figures 27–

28). The Training histogram collapses to a vertical spike at 

zero, yielding a degenerate distribution consistent with perfect 

in-sample fit. Taken together, the panels indicate 

predominantly near-zero errors punctuated by a rare, large 

negative residual out of sample, while training residuals 

exhibit virtually no dispersion and align exactly with the zero-

error line. 

 

 
 

Figure 25. Adaptive Boosting (AdaBoost) performance 

metrics (all set) 

 

 
 

Figure 26. Adaptive Boosting (AdaBoost) performance 

metrics (training) 
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Figure 27. Adaptive Boosting (AdaBoost) residuals 

histogram (all set) 

 

 
 

Figure 28. Adaptive Boosting (AdaBoost) residuals 

histogram (training) 

 

Table 2. Residual uncertainty summary for all models 

 
Model GBRT XGBoost AdaBoost 

Mean residual 2.79 × 107 –1.8 × 108 –3.97 × 108 

Standard deviation of residuals 1.35 × 108 1.79 × 108 6.99 × 108 

5th percentile –1.26 × 108 –3.86 × 108 –1.20 ×109 

95th percentile 1.23 × 108 –5.37 × 107 1.59 × 107 

Interpretation 

Residuals are centrally distributed 

around zero with moderate variance; 

this indicates stable predictive 

performance with a marginal 

tendency toward underprediction. 

Predominantly negative residuals 

that confirm a systematic 

overprediction and reflect biased 

prediction performance 

throughout most of the dataset. 

The residuals exhibit a strong 

negative bias with significant 

dispersion; this reflects a 

substantial overprediction 

tendency and poor generalization 

stability. 
Note: GBRT = Gradient Boosted Regression Trees; XGBoost = Extreme Gradient Boosting; AdaBoost = Adaptive Boosting. 

 

As shown in Table 2, the residual percentile ranges (5th – 

95th) were defined to support uncertainty interpretation. They 

serve as an empirical error band. GBRT model showed the 

balanced and narrowest residual interval. XGBoost exhibited 

asymmetric uncertainty due to its tendency to underestimate 

high-cost components. Conversely, AdaBoost showed a low 

median error with significant sensitivity to rare extreme 

residuals. 

 

 

4. CONCLUSIONS 

 

Within the scope and size of the current dataset, the GBRT 

model showed the most considerable performance among the 

other adopted models. With low scaled error, GBRT achieved 

high precision for actual costs. XGBoost model provided 

stable predictions but overestimated low values and 

underestimated high values of cost cases. Furthermore, the 

AdaBoost model revealed a clear generalization gap even with 

perfect training performance; this reflects an overfitting risk. 

These conclusions support the GBRT model as a perfect one 

for this limited dataset. More validation with larger and 

external databases will be required to generalize the 

application of these models.  

Feature attribution reveals a consistent signal: construction 

cost drivers dominate. In GBRT and XGBoost, beams and 

other items carry the greatest importance, with slabs and 

normal concrete secondary; AdaBoost highlights date and 

earthwork, then converges on other items, slabs, brickwork, 

and normal concrete. 

The results of feature importance identify structural 

components, particularly beams, as a primary strong predictor 

of total construction cost. Moreover, these results reflect a 

model-based association and do not strictly imply that these 

features cause the cost variations. These findings prove that 

boosting-based models effectively provide a trusted tool for 

early-stage estimation of construction cost, especially when 

the purpose is to handle the nonlinear relations among the 

principal cost components. It provides useful evidence that 

structural components and aggregated items played critical 

roles for project managers during early cost planning and 

development of the Bill of Quantities. 
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