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Abstract: Accurate and structurally consistent cost prediction is essential for investment control, 
budget review, and refined management in substation engineering projects. Although machine-learning 
models have shown strong potential for engineering cost estimation, conventional single-stage 
prediction models usually treat multiple cost indicators as independent regression targets and may 
ignore the accounting identities among cost components. In this study, we proposed a constraint-
coordinated hierarchical CatBoost framework for multi-target cost prediction using 2820 real 
substation project records collected from the State Grid system in 2024. The architecture decomposed 
the prediction task into a structured representation of heterogeneous engineering attributes, 
intermediate-variable completion, target-wise cost prediction, and reliability-weighted engineering-
constraint coordination, with the final-account reserve fund treated separately as a sparse residual-type 
accounting target. The experimental results showed that the proposed framework achieved a global R
² of 0.9521 and a global wMAPE of 17.06%, outperforming six conventional benchmark models. 
Although it did not uniformly surpass a strong single-stage CatBoost baseline in all global statistical 
metrics, it substantially reduced engineering-identity residuals and improved consistency between 
disaggregated cost components and aggregate investment indicators. These results indicate that the 
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framework balances statistical accuracy with engineering accounting consistency and can support 
machine-learning-assisted cost estimation and decision support in power infrastructure projects. 

Keywords: substation engineering; engineering cost prediction; CatBoost; hierarchical modeling; 
engineering constraints; applied machine learning 
Mathematics Subject Classification: 68T05, 90C20 
 

1. Introduction  

The digital transformation of power infrastructure has increased the demand for reliable, artificial-
intelligence-assisted, data-driven decision support in planning, construction, investment control, and 
asset management. Substation projects are key nodes in transmission and distribution systems, and 
their investment level directly affects grid expansion, capacity upgrading, and the economic efficiency 
of power-system development. In practical project management, accurate cost prediction supports 
budget preparation, design review, investment control, and final-account evaluation. However, 
substation engineering cost is not determined by a single technical parameter; it is jointly influenced 
by voltage level, transformer capacity, site conditions, building scale, equipment configuration, civil 
engineering quantities, installation workload, regional construction conditions, and management-
related factors. Therefore, substation cost prediction is a representative applied machine-learning 
problem in engineering, involving heterogeneous data, nonlinear relationships, multiple coupled 
targets, and explicit engineering constraints. 

Studies have shown that data-driven methods can effectively support complex decision-making 
tasks in modern power and energy systems. For example, data-driven and physically informed 
approaches have been applied to power grid dispatch decision-making [1], mixed-generation power-
system planning toward high renewable-energy penetration [2], and embodied carbon assessment of 
power infrastructure construction [3]. At the substation and power-system levels, machine-learning 
methods have also been used for renewable electricity production prediction [4], flexible load 
disaggregation [5], electric load forecasting based on deep ensemble learning [6], hydroelectricity 
generation forecasting using tree-based machine-learning models [7], and photovoltaic efficiency 
prediction with explainable artificial intelligence techniques [8]. These studies indicate that machine 
learning can support engineering decisions beyond improving forecast accuracy, particularly when 
multi-source data, physical logic, and operational constraints must be considered together. This 
observation is highly relevant to the cost prediction of substation projects, where the model should not 
only fit historical data but also generate outputs that are interpretable and consistent with engineering 
accounting logic. 

Engineering cost prediction has also attracted increasing attention in infrastructure and 
construction management. Researchers have investigated power engineering cost estimation using 
neural networks [9], clustering and denoising strategies for power grid project cost data [10], 
construction cost prediction based on deep learning [11], hybrid models for tunnel construction 
duration and cost prediction [12], and transparent construction cost prediction using advanced machine 
learning and explainable artificial intelligence [13]. In Applied Sciences, related studies have further 
explored early-stage highway construction cost estimation using machine-learning models [14], 
stacking heterogeneous ensemble learning for building construction project cost prediction [15], and 
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machine-learning-based cost estimation for AI training-data construction under heterogeneous 
workflows and cost-driver structures [16]. These works demonstrate that intelligent algorithms can 
improve the efficiency of cost estimation and provide useful support for early-stage decision-making. 
Nevertheless, most researchers focus on single-output prediction, general construction projects, or 
relatively independent cost indicators. In contrast, substation project cost data are usually organized as 
a system of related cost items, such as construction cost, equipment procurement cost, installation 
cost, other cost, reserve fund, and static investment. These targets are not independent. Related 
studies on multi-output regression and forecast reconciliation have likewise emphasized the 
importance of exploiting inter-target dependencies and maintaining coherence among structurally 
related outputs [17,18]. Some targets follow additive accounting identities, whereas sparse or reserve-
related items may have weak statistical regularity. As a result, directly applying a flat regression model 
to all cost items may lead to predictions that are numerically accurate in some metrics but structurally 
inconsistent from an engineering perspective. 

From an applied machine-learning perspective, machine-learning models have been widely used 
in energy forecasting and applied engineering prediction. Hybrid deep-learning models have been 
developed for electric-vehicle charging demand forecasting [19], photovoltaic power prediction [20–22], 
and short-term load forecasting [23,24]. Ensemble learning and boosted-tree models have also shown 
strong performance in renewable-energy forecasting [25], medium- and long-term load forecasting [26], 
offshore wind power prediction with interpretability analysis [27], and broader machine-learning-
based power forecasting systems [28]. Applied Sciences studies also confirm the effectiveness of 
CatBoost, XGBoost, LightGBM, and stacking-based ensemble learning in applied prediction tasks, 
including PV efficiency estimation [8], hydroelectricity generation forecasting [7], electric load 
forecasting [6], and construction cost prediction [15]. Among these methods, CatBoost is particularly 
suitable for structured tabular data because it can handle heterogeneous features, categorical variables, 
nonlinear interactions, and complex feature combinations. It has been successfully combined with 
residual correction [20], multi-lag feature engineering [23], stacking strategies [25], double-layer 
structures [26], interpretability techniques [27], and metaheuristic hyperparameter optimization in 
different engineering and energy applications [29–31]. 

However, directly transferring machine-learning methods and modeling frameworks to substation 
cost prediction remains challenging. First, the input features of substation projects are highly 
heterogeneous, covering categorical, numerical, Boolean, geographic, voltage-level, temporal, and 
engineering-quantity variables. Second, the output side contains multiple cost targets with strong 
coupling relationships. These targets reflect different aspects of the same project, so they should be 
predicted in a coordinated manner rather than as isolated regression tasks. Third, some cost indicators 
exhibit zero inflation, sparsity, or irregular fluctuation. For these targets, conventional regression 
models may produce unstable percentage errors and weak explanatory performance. Fourth, 
engineering cost prediction has an inherent structural requirement: The predicted subitems should be 
consistent with aggregate investment indicators. This requirement is particularly important in budget 
review and final-account acceptance, where cost items are not merely statistical labels but also 
accounting components constrained by engineering identities. 

To address these issues, we propose an engineering-constraint-aware hierarchical CatBoost 
framework for multi-target cost prediction in substation engineering projects. We use 2820 real 
substation project records collected from the State Grid system in 2024. After data cleaning, mixed-
type preprocessing, and layered feature organization, the prediction task is decomposed into four 
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connected stages: Basic feature input, intermediate-variable completion, target cost prediction, and 
engineering-constraint coordination. In the first stage, basic engineering attributes are transformed into 
a structured feature representation. In the second stage, intermediate engineering variables are completed 
from the basic inputs, so that the model can make use of implicit engineering quantities that are not always 
directly available. In the third stage, target-wise CatBoost models are trained to predict major cost 
indicators. In the fourth stage, structural coordination weighted by out-of-fold residual variance is 
introduced to reduce violations of predefined engineering accounting identities. In addition, a derivation 
strategy is used for selected sparse or identity-related targets to avoid unstable direct regression. 

The proposed framework differs from conventional single-stage prediction models in modeling 
logic and application objective. A single-stage model directly maps basic project attributes to target 
costs, which may be effective for statistical fitting but does not explicitly represent the layered 
formation process of engineering cost. By contrast, the proposed framework organizes the prediction 
process according to the relationship among basic attributes, intermediate engineering quantities, final 
cost components, and aggregate investment indicators. This design is not intended to simply increase 
model complexity. Instead, we aim to improve the practical applicability of machine-learning 
prediction by incorporating engineering structure into the modeling workflow. Therefore, the 
framework emphasizes not only predictive accuracy, but also structural closure, output feasibility, and 
interpretability for engineering cost management. 

The main contributions of this study are as follows: 
First, we establish a real-world multi-target cost prediction task for substation engineering 

projects based on actual budget-review and final-account records. Unlike simulated samples or general 
public construction datasets, the dataset used in this study reflects realistic cost formation 
characteristics in power infrastructure projects, including heterogeneous engineering attributes, 
coupled cost components, sparse reserve-related indicators, and accounting relationships among 
disaggregated and aggregate cost items. This provides a practical data foundation for evaluating 
applied machine-learning models in substation cost management. 

Second, we propose a constraint-coordinated hierarchical CatBoost framework that organizes 
substation cost prediction according to the engineering formation logic of project cost. The framework 
integrates intermediate-variable completion, target-wise cost prediction, sparse-target treatment, and 
engineering-constraint coordination. Compared with ordinary flat regression models, the proposed 
framework explicitly considers the layered relationship among basic engineering attributes, 
intermediate engineering quantities, final cost components, and aggregate investment indicators, 
thereby providing a more engineering-oriented modeling route. 

Third, we introduce a structural coordination mechanism for multi-target cost prediction by 
incorporating predefined engineering accounting identities into the post-prediction stage. Instead of 
treating each target as an isolated regression output, the proposed method adjusts the predicted cost 
vector through reliability-weighted coordination, so that the final outputs better satisfy the balance 
relationships between component costs and total investment indicators. This design shifts the modeling 
objective from pure statistical fitting to a joint consideration of predictive accuracy, structural closure, 
and engineering feasibility. 

Fourth, we provide a comprehensive empirical evaluation under realistic engineering data 
conditions. The proposed framework is compared with a strong single-stage CatBoost baseline and six 
conventional benchmark models, and is further analyzed through ablation experiments, trend-response 
visualization, feature-importance interpretation, and sparse-target discussion. The results reveal that 
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the proposed framework outperforms conventional benchmark models and improves output 
consistency, while the strong CatBoost baseline remains competitive in some global statistical metrics. 
This finding clarifies the practical trade-off between statistical accuracy and engineering structural 
consistency in substation cost prediction. 

The remainder of this paper is organized as follows: In Section 2, we describe the data source, 
preprocessing procedure, feature organization, and proposed hierarchical CatBoost framework. In 
Section 3, we present the experimental settings, evaluation metrics, and prediction results. In Section 
4, we discuss ablation results, trend-level behavior, benchmark comparison, feature importance, 
limitations, and future work. In Section 5, we conclude the paper and summarize the practical 
implications of the proposed framework for substation project cost prediction. 

2. Materials and methods 

2.1. Data collection 

The data used in this study were derived from engineering records compiled by the State Grid 
Economic and Technological Research Institute Co., Ltd. during project budget review and final 
account acceptance processes. The dataset mainly included the actual cost components of substation 
projects, together with a range of characteristic indicators reflecting project scale, technical schemes, 
construction conditions, and engineering attributes. Compared with simulated data or publicly 
available samples, these data were characterized by reliable provenance, clearly defined engineering 
attributes, and strong business relevance, thereby enabling a more realistic representation of the cost 
formation mechanisms of substation projects. We selected 2,820 State Grid substation project records 
in 2024 for analysis. After data preprocessing and organization, all 2820 records formed the structured 
dataset used for model training and validation, providing a solid data foundation for the subsequent 
cost prediction research. 

2.2. Data cleaning and preprocessing 

Data cleaning and preprocessing were conducted to improve training stability and predictive 
validity. In the raw engineering tables, abnormal expressions such as empty strings, “NA”, “NaN”, 
“null”, and “−” were uniformly treated as missing values. Blank or invalid historical records were 
checked and standardized according to the project identification information, thereby ensuring the 
consistency of the available engineering samples. After cleaning, the historical project records were 
organized into a structured sample set containing heterogeneous engineering features and multiple 
prediction targets for subsequent model development and evaluation. Subsequently, using a fixed 
random seed, the dataset was randomly partitioned into a training set containing 80% of the samples 
and an independent test set containing the remaining 20%. Model validation was conducted internally 
within the training set through the out-of-fold procedures described in the subsequent modeling stages. 

Given the heterogeneous nature of the engineering records, a unified preprocessing strategy was 
adopted to convert mixed-type raw fields into structured model inputs. Geographic and scheme-related 
attributes were encoded as categorical features, voltage-level information was transformed into 
numerical magnitude features together with presence indicators, date fields were decomposed into 
interpretable temporal descriptors, boolean variables were converted into binary features, and 



5079 

Journal of Industrial and Management Optimization                             Volume 22, Issue 10, 5074–5105. 

continuous numerical fields were cleaned and standardized before numerical conversion. Through this 
procedure, the original multi-source engineering records were transformed into a consistent structured 
feature matrix suitable for subsequent hierarchical modeling. 

To match the hierarchical framework, the model variables were further organized into layered 
inputs and outputs. In the three-layer framework, the first-layer input set (Set A) contained 34 
dimensions representing basic engineering attributes, whereas Set B contained 68 dimensions 
corresponding to intermediate variables that could be inferred from the basic attributes, resulting in a 
102-dimensional feature representation for the subsequent target-prediction stage. In the second layer, 
the original basic inputs and the completed intermediate variables were jointly used to predict the target 
cost indicators. By contrast, the baseline model directly mapped the first-layer inputs to the target 
variables in a single-stage manner. All target cost variables were converted into numerical form before 
regression and subsequent structural coordination. 

A unified variable-name mapping was used during model implementation to ensure consistent 
feature representation and result presentation. 

2.3. Feature organization and correlation analysis 

To examine the correlation structure among different variables and support the hierarchical 
organization of the prediction task, Spearman correlation analysis was conducted at three levels: 
correlations among target variables, correlations between basic input variables and target variables, 
and correlations between intermediate variables and target variables. For the input and intermediate 
variables, the maximum absolute Spearman correlation coefficient with all targets was used as the 
screening criterion, and the top 20 variables were selected for visualization. Spearman correlation was 
adopted because the engineering cost data are characterized by skewed distributions, heterogeneous scales, 
zero values, and possible outliers, making rank-based correlation more suitable than linear correlation. 

As shown in Figure 1, the correlation analysis reveals a clear hierarchical structure among target 
variables, basic input variables, and intermediate variables. Most major cost targets exhibit strong 
positive correlations, indicating that construction cost, equipment procurement cost, installation cost, 
other costs, and static investment are jointly affected by project scale and engineering configuration. 
The selected input variables with high correlations are mainly associated with building scale, land 
acquisition, voltage level, main transformer capacity, and equipment layout, whereas the highly 
correlated intermediate variables are more closely related to engineering quantities such as cable length, 
cable trench quantity, access road cost, and material weight. These results support the hierarchical 
organization of “basic inputs–intermediate variables–target variables”. In contrast, FA Reserve Fund 
shows consistently weak correlations with most variables, suggesting that it should be treated as a 
special sparse target rather than an ordinary cost component. 
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(a) Spearman correlation heatmap among target variables (b) Spearman correlation heatmap between input 

variables and target variables 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) Spearman correlation heatmap between intermediate variables and target variables 

 

Figure 1. Spearman correlation heatmaps of target variables, input variables, and 
intermediate variables. 

2.4. Overview of the model 

We constructed a three-layer hierarchical CatBoost framework for multi-target cost prediction of 
substation projects, as illustrated in Figure 2. The core idea was to decompose the complex cost 
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formation process into four connected stages, namely, basic feature representation, intermediate-
variable completion, target prediction, and engineering-constraint coordination. Unlike single-stage 
direct regression, the proposed framework first reconstructed key intermediate variables from basic 
engineering attributes, then performed target-wise prediction based on the enriched representation, and 
finally coordinated the outputs through explicit engineering identities. In this way, the model aims to 
improve not only predictive capability, but also structural consistency and engineering feasibility. 

The proposed framework was developed for cross-sectional engineering samples rather than strict 
rolling time-series forecasting. In other words, each project record was treated as an individual 
supervised-learning sample, and the model was trained to learn the mapping between engineering 
attributes and multiple cost targets under a structured tabular-data setting. This setting was consistent 
with the practical use scenario of project-level cost prediction in substation engineering. 

After preprocessing, the heterogeneous engineering records were transformed into a structured 
feature space that served as the basis for the subsequent layered modeling procedure. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 2. Overall framework of the proposed three-layer hierarchical CatBoost-based 
model for multi-target cost prediction of substation projects. 

As shown in Figure 2, the framework consisted of data preparation, hierarchical feature 
organization, target-wise CatBoost prediction, sparse-target derivation, and engineering-constraint 
coordination. The following subsections describe the three key modeling stages in detail. 

2.4.1. Intermediate-variable completion 

In the first layer, the input variables were divided into two groups: Set A, which contained the 
basic known engineering attributes, and Set B, which contained intermediate variables to be completed 
from Set A. Our objective of this layer was not to predict cost directly, but to reconstruct a more 
informative intermediate representation from relatively stable basic project attributes. To reduce 
information leakage, out-of-fold completion was adopted within the training set, while the 
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corresponding completion models fitted on the full training set were used to generate intermediate 
features for the independent test samples. 

 1B̂ f A  (1) 

The completed Set B variables were then passed to the second layer together with the original Set 
A features. 

2.4.2. Target-wise CatBoost prediction and sparse-target derivation 

In the second layer, the completed intermediate variables from the first layer were concatenated 
with the original basic inputs to form the final feature representation for multi-target cost prediction. 
A target-wise CatBoost regression strategy was then adopted for the major cost components. 

 
2([ , ])i iifY A B  (2) 

To balance explanatory power and relative-error control, a two-stage training strategy was used. 
First, a baseline model was fitted to secure robust overall regression performance. Second, a 
lightweight fine-tuning step was introduced to improve relative-error behavior while avoiding 
substantial degradation in goodness of fit. The loss selection in the fine-tuning stage was made 
adaptively according to the target distribution. For targets with many zero or near-zero values, a more 
stable absolute-error-oriented loss was preferred, whereas for regular targets, a relative-error-oriented 
objective was used. This target-adaptive design was intended to balance fitting quality and relative-
error control while reducing the instability caused by zero inflation and heterogeneous target scales. 

The framework also introduced a structured derivation mechanism for special sparse targets. In 
particular, the final-account reserve fund, corresponding to Column 117 in the source data, was treated 
as a zero-inflated and highly volatile variable and was therefore derived from related subitems rather 
than modeled by a standalone regression task. The derivation followed the engineering identity 117 = 
118 - (82 + 93 + 100 + 101), where Columns 82, 93, 100, 101, 117, and 118 corresponded to final-
account construction cost, equipment procurement cost, installation cost, other cost, reserve fund, and 
static investment, respectively. For the i-th project sample, the second-layer CatBoost models first 
generated preliminary predictions for the regular cost targets. For the final-account side, the reserve 
fund was not treated as an ordinary learnable target because of its sparsity and residual-type accounting 
nature. Instead, after obtaining the predictions of the major final-account cost components and the 
aggregate static investment, it was derived as 

,117 ,118 ,82 ,93 ,100 ,101ˆ ˆ ˆ ˆ ˆ ˆ( ).i i i i i iy y y y y y      (3) 

In this way, the final-account accounting identity was satisfied by construction: 

,82 ,93 ,100 ,101 ,117 ,118ˆ ˆ ˆ ˆ ˆ ˆ .i i i i i iy y y y y y      (4) 
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This treatment was mainly intended to maintain structural closure and avoid producing 
independent predictions that violate the engineering identity. However, it did not necessarily guarantee 
improved target-wise accuracy for this sparse indicator. 

2.4.3. Reliability-weighted engineering-constraint coordination 

After the sparse final-account reserve fund was derived as described in Section 2.4.2, the third 
layer further coordinated the budget-estimate-side predictions through a projection strategy whose 
weights were defined by the inverse out-of-fold residual variances of the target models. The purpose 
of this layer was not to refit the cost targets, but to minimally adjust the preliminary budget-estimate 
predictions so that they satisfied the predefined accounting identity among budget-estimate cost 
components and static investment. 

In the following formulation, source-data indices 124, 125, 126, 127, 134, and 135 corresponded 
to budget-estimate construction cost, equipment procurement cost, installation cost, other cost, reserve 
fund, and static investment, respectively. For the budget-estimate side, the preliminary prediction 
vector is defined as 

 T
,124 ,125 ,126 ,127 ,134 ,135[ , , , , , ]

BE

i i i i i ii y y y y y yy        (5) 

The corresponding accounting constraint is 

,124 ,125 ,126 ,127 ,134 ,135 0i i i i i iy y y y y y            (6) 

Accordingly, the constraint matrix is written as 

[1,1,1,1,1, 1]BE  H  (7) 

The coordinated prediction vector is obtained by solving 

   T

arg min

s.t. 0

BE BEBE
i BEi i

BE

  



zz z y W z y

H z
 (8) 

The reliability weight of each target was calculated according to the out-of-fold residual variance 
of the corresponding second-layer model. Since this variance reflects prediction errors on samples 
excluded from the corresponding model fitting, it was used as an empirical indicator of target-specific 
predictive reliability. Accordingly, its inverse was adopted so that more stable predictions received 
larger weights and undergo smaller adjustments during constraint coordination, as follows: 

2

1
, {124,125,126,127,134,135}.j

j

w j
 

 


 (9) 
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where 
2
j  denotes the out-of-fold residual variance of the j-th target model and   is a small 

positive constant used to avoid numerical instability. The weight matrix is defined as 

124 125 126 127 134 135diag( , , , , , )BE w w w w w wW  (10) 

The closed-form solution is 

   11 T 1 TBE BEBE
i BE BE BE BE BE BEi i

  z y W H H W H H y  (11) 

The final coordinated budget-estimate prediction is then set as 

 BE
BE
ii y z  (12) 

To improve robustness and reproducibility, fixed random-control settings and conservative 
fallback strategies were adopted throughout the implementation. Model performance was subsequently 
evaluated at the target-specific and global levels using the metrics defined in Section 3.2. 

In summary, the proposed method is a three-layer hierarchical CatBoost framework that integrates 
intermediate-variable completion, target-wise robust regression, special-target derivation, and 
engineering-constraint coordination. Its main contribution lies not in introducing a complex new deep-
learning architecture, but in organizing multi-target substation cost prediction into a layered 
engineering-oriented process that jointly considers predictive performance, accounting-identity 
consistency, and practical applicability. 

2.5. Confidentiality-preserving visualization strategy 

Considering that the original engineering data and the prediction results involve sensitive cost 
information from actual projects, directly displaying the horizontal and vertical axes in their original 
scales could reveal key information such as project scale, site conditions, and investment level, which 
would be unfavorable for public publication and result presentation. Therefore, a confidentiality-
preserving design was introduced during the plotting of the trend curves, in which the horizontal-axis 
variables and the vertical-axis predicted values were subjected to monotonic anonymization. For any 
original variable x  , its median med( )x  and interquartile range IQR( )x  were first calculated based on the 
sample distribution, and robust standardization was then performed as follows: 

med( )

IQR( )

x x
z

x


  (13) 

On this basis, a monotonic compression based on the inverse hyperbolic sine function was applied 
to further suppress the influence of extreme values on the graphical scale. This procedure yielded the 
confidentiality-preserved display variable: 

asinh( )x z   (14) 
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Because the transformation is monotonic, it preserves relative ordering and trend direction while 
reducing the risk of disclosing original cost scales. 

In addition to the confidentiality-preserving treatment, the horizontal axes were further subjected 
to interpretable rescaling and smoothed visualization to improve the readability of the trend plots. The 
main reason is that, for altitude and building area, the sample distributions were markedly non-uniform 
in the original data. Many samples were concentrated in the lower range and relatively few samples 
were in the higher range. If the points were directly connected along the original horizontal axis, the 
resulting curves would tend to be overly crowded in the low-value region and excessively sparse in 
the high-value region, thereby weakening the recognizability of the overall trend. To address this issue, 
after completing the monotonic confidentiality-preserving transformation, we further organized the 
samples using a quantile-based binning strategy. Specifically, the horizontal-axis samples were divided 
into several intervals according to their quantiles, and the median predicted value of each cost item 
within each interval was taken as the representative point. 

Let b  denote the index set of samples belonging to the b-th quantile bin. The representative 

trend value of the j-th cost item in this bin is calculated as 

 trend *
, ,ˆmedian ,b j i j by y i ∣   (15) 

where 
*
,ˆi jy

 denotes the confidentiality-preserved predicted value after monotonic anonymization. 

The median values obtained for each quantile bin were then connected sequentially to generate 
relatively smooth and interpretable trend curves. This treatment did not alter the sample ranking or the 
overall direction of variation. Instead, by aggregating information within local intervals, it reduced the 
interference of abnormal fluctuations from individual samples, thereby making the trend plots more 
suitable for presenting general patterns in academic papers. 

3. Results 

3.1. Experimental environment 

The experiments in this study were conducted on a personal laptop, using a hybrid programming 
environment that integrates MATLAB and Python. Specifically, MATLAB was mainly employed for 
raw engineering data import, data cleaning and preprocessing, hierarchical feature construction, 
sample set partitioning, performance metric calculation, and result export. The Python environment 
was primarily used to invoke the CatBoost library for model training and prediction. In the 
implementation process, cross-environment interaction was achieved through the built-in Python 
interface in MATLAB, thereby enabling an effective integration of the data processing workflow with 
the regression model training procedure. To ensure the reproducibility of the experiments, fixed 
random seeds were set during sample partitioning and model training. This software environment 
provides adequate support for the construction, training, validation, and result analysis of the baseline 
CatBoost model and the proposed three-layer framework. 
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3.2. Evaluation metrics 

To comprehensively evaluate the fitting capability and error performance of the constructed 
model in the task of substation project cost prediction, we selected the coefficient of determination 
( 2R ), mean absolute percentage error (MAPE), symmetric mean absolute percentage error (sMAPE), 
and weighted mean absolute percentage error (wMAPE) as the core evaluation metrics. The selection 
considered the model implementation and the requirements of engineering applications. Among them,

2R  was mainly used to measure the explanatory power of the model with respect to the variation of 
the target variables, whereas MAPE, sMAPE, and wMAPE were primarily adopted to characterize the 
deviation between the predicted values and the true values from the perspective of relative error. 
Considering that different cost items in engineering cost data are  consistent in dimension but may 
differ substantially in numerical scale, the use of relative-error-based metrics can more objectively 
reflect the overall performance of the model in a multi-target prediction scenario. 

Let the total number of samples in the test set be denoted by N  , the true value of the i-th sample 

by iy , the predicted value by ˆ
iy , and the mean of the true values by y . Then, the evaluation metrics 

adopted in this study were defined as follows. 
The coefficient of determination, 2R , was used to measure the explanatory power of the model 

with respect to the dispersion of the observed data, and it is defined as 
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In general, the closer the 2R  value was to 1, the more adequately the model captured the variation 
pattern of the target variable, and the better the predictive fitting performance. 

The mean absolute percentage error (MAPE) was used to measure the average deviation of the 
predicted values from the true values in relative terms, and it is defined as 
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MAPE is readily interpretable, as it reflects the average prediction error in percentage form and 
thus facilitates horizontal comparison among different models. However, when the true value 
approaches zero, MAPE may become unstable or be excessively inflated. Therefore, for the prediction 
of certain small-value cost items in engineering cost estimation, the sole use of MAPE may be subject 
to limitations. 

To mitigate the influence of small denominators on evaluation results, we further introduced the 
symmetric mean absolute percentage error (sMAPE), which is defined as 
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where   is a very small positive constant introduced to prevent the denominator from becoming 
zero. Compared with MAPE, sMAPE is more robust when the true value and the predicted value are 
small. To a certain extent, it can also mitigate the disturbance of extreme percentage errors on the 
overall evaluation results. 

In addition, considering that different indicators in multi-target engineering cost prediction may 
vary substantially in monetary scale, we adopted the weighted mean absolute percentage error 
(wMAPE) to further characterize the overall prediction performance, which is defined as 

1
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Compared with MAPE, wMAPE uses the total sum of the true values as the normalization basis, 
and therefore can better reflect the proportion of the overall error relative to the total scale. This metric 
is particularly suitable for prediction tasks such as engineering cost estimation, in which different cost 
items may vary substantially in magnitude. 

Overall, 2R  measures the explanatory power of the model with respect to data variability from 
the perspective of goodness of fit, MAPE characterizes the average relative error level, sMAPE 
enhances the stability of evaluation under small-value target conditions, and wMAPE further reflects 
the comprehensive prediction deviation of the model from an overall weighted perspective under full-
sample or multi-target settings. These metrics are complementary in terms of explanatory capability, 
local relative error, and overall relative error, and can therefore provide a relatively comprehensive 
evaluation of the predictive performance of the model constructed in this study. 

It should be noted that, during the model development and internal analysis stages, the code in 
this study also computed additional metrics, including the mean absolute error (MAE), root mean 
square error (RMSE), and median absolute error (MedAE), to assist in assessing model performance 
and robustness on the absolute-error scale. However, given the sensitivity of engineering cost data, we 
mainly adopted 2R , MAPE, sMAPE, and wMAPE as the core publicly reported evaluation metrics in 
the formal presentation of results and model comparisons. 

For the global metrics, all valid sample-target prediction pairs were aggregated across the 

evaluated target set. Let  denote the set of evaluated targets, and let 

{( , ) 1, , , }i j i N j    ∣   (20) 

denote the set of valid sample-target pairs. The global coefficient of determination is defined as 
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where y  is the mean of all observed values in  . The global sMAPE and global wMAPE are 

calculated as 



5088 

Journal of Industrial and Management Optimization                             Volume 22, Issue 10, 5074–5105. 

global
( , )

ˆ2100%
sMAPE ,

| | ˆ

ij ij

i j ij ij

y y

y y 




    (22) 

( , )
global

( , )

ˆ

wMAPE 100% .
ij ij

i j

ij
i j

y y

y 












 (23) 

3.3. Comparative analysis of parity plots under the baseline and optimized models 

To visually compare the predictive behavior of the baseline CatBoost model and the optimized 
three-layer framework, parity plots between predicted and actual values were constructed for four 
representative final-account targets: construction cost, equipment procurement cost, installation cost, 
and static investment. To protect sensitive engineering cost information, the same confidentiality-
preserving monotonic transformation was applied to actual and predicted values before plotting. 
Therefore, the figures mainly support visual comparison of relative fitting patterns, rather than 
disclosure of original monetary scales. 

  
(a) Parity plot of final-account static investment under 

the baseline model 
(b) Parity plot of final-account construction cost under 

the baseline model 

  
(c) Parity plot of final-account equipment procurement 

cost under the baseline model 
(d) Parity plot of final-account installation cost under 

the baseline model 

Figure 3. Parity plots of representative targets under the baseline CatBoost model. 
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As shown in Figures 3 and 4, both models capture the overall increasing relationship between 
predicted and actual values. The optimized three-layer model shows slightly tighter local convergence 
for several targets, especially in heterogeneous value ranges, whereas the baseline CatBoost model 
remains highly competitive and performs better in some global statistical metrics, as reported in Tables 
1 and 2. Therefore, the parity plots should be interpreted as descriptive evidence of local output 
coordination and engineering plausibility, rather than as proof of uniform statistical superiority. 

(a) Parity plot of final-account static investment under 
the optimized model 

(b) Parity plot of final-account construction cost under 
the optimized model 

  
(c) Parity plot of final-account equipment procurement 

cost under the optimized model 
(d) Parity plot of final-account installation cost under 

the optimized model 

Figure 4. Parity plots of representative targets under the optimized three-layer model. 

3.4. Quantitative comparison between the baseline and optimized three-layer models 

While we provide a visual comparison of the parity plots under the two modeling strategies in Section 
3.3, the quantitative performance of the optimized three-layer model is summarized in Table 2. The table 

reports the target-wise and global results in terms of 
2R , MAPE, sMAPE, and wMAPE, thereby enabling 

a more direct comparison with the baseline CatBoost model reported in Table 1. This comparison further 
evaluates the effectiveness of different modeling strategies in multi-target cost prediction. 

A direct comparison between Tables 1 and 2 shows that the baseline CatBoost model achieves 
better global statistical performance than the optimized three-layer model on the dataset, with a higher 

Global 
2R   (0.9671 vs. 0.9521) and a lower Global wMAPE (16.46% vs. 17.06%). This result 
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indicates that the proposed hierarchical framework does not uniformly improve global error metrics 
over an already strong baseline. Nevertheless, the optimized model remains competitive on several 
major cost items and provides additional engineering-oriented benefits through structural coordination 
and the identity-based treatment of special sparse targets. Accordingly, its value should be interpreted 
primarily from the perspective of engineering feasibility and output consistency rather than simple 
metric dominance. 

The calculation of global metrics follows the aggregation strategy defined in Section 3.2. 
Before interpreting the target-wise results, it is necessary to distinguish regular cost targets and 

the special sparse accounting target. In this study, most cost indicators, including construction cost, 
equipment procurement cost, installation cost, other cost, and static investment, were treated as regular 
prediction targets because they are directly associated with project scale, equipment configuration, 
civil engineering quantities, and construction conditions. By contrast, the final-account reserve fund is 
treated as a special sparse accounting target because it is derived from the residual relationship among 
final-account cost components and the aggregate investment indicator. 

Therefore, the target-wise result of FA Reserve Fund is retained in the table for transparency, but 
it should not be interpreted in the same way as the regular cost components. To avoid misleading 
conclusions, the overall performance of the proposed framework is discussed from two perspectives: 
All evaluated targets and regular targets excluding the final-account reserve fund. 

Table 1. Experimental results of the baseline model. 

Target 2R  MAPE sMAPE wMAPE 

FA Constr. Cost 0.9175 914.40 74.66 20.55 

FA Equip. Cost 0.9464 190.04 44.35 17.50 

FA Install. Cost 0.8639 84.43 40.47 24.26 

FA Other Cost 0.9085 104.41 44.61 19.43 

FA Reserve Fund 0.4626 69.49 198.11 110.43 

FA Static Inv. 0.9636 88.25 37.15 14.04 

BE Constr. Cost 0.9361 198.32 73.07 18.07 

BE Equip. Cost 0.9560 147.96 43.56 16.90 

BE Install. Cost 0.8654 172.22 36.21 21.36 

BE Other Cost 0.8991 104.94 43.73 18.83 

BE Reserve Fund 0.8193 77.99 51.47 23.72 

BE Static Inv. 0.9663 69.31 35.32 14.03 

Global Metrics 0.9671 - 60.23 16.46 

The result of the FA Reserve Fund requires separate interpretation. As shown in Table 2, this target 
exhibits a strongly negative R² and extremely large percentage-based errors. This result does not 
indicate a general failure of the proposed framework on multi-target cost prediction. Rather, it reflects 
the special statistical and accounting nature of this indicator. In this dataset, the final-account reserve 
fund behaves as a sparse residual-type variable rather than as a regular engineering-scale-driven cost 
component. Its true values are often zero or very small, and its magnitude is determined by the residual 
relationship between aggregate investment and several major component costs. Consequently, even a 
small absolute deviation in the predicted aggregate or component costs can be amplified into a very 
large relative error for this target. 
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Table 2. Predictive performance of the proposed hierarchical model for regular and special 
cost targets. 

 Target 2R  MAPE sMAPE wMAPE 

Panel A. Regular cost 

targets 

FA Constr. Cost 0.9278 178.39 67.00 20.13 

FA Equip. Cost 0.9391 133.77 38.21 16.63 

FA Install. Cost 0.8988 102.07 35.04 21.93 

FA Other Cost 0.8663 104.98 40.65 21.29 

FA Static Inv. 0.9629 59.27 31.07 12.89 

BE Constr. Cost 0.8844 128.38 63.62 20.73 

BE Equip. Cost 0.9529 74.07 36.12 15.49 

BE Install. Cost 0.7804 86.99 33.94 24.13 

BE Other Cost 0.8987 86.14 37.50 19.56 

BE Reserve Fund 0.9064 65.47 47.17 20.79 

BE Static Inv. 0.9639 62.99 31.20 13.41 

Global Metrics 0.9521 - 54.89 17.06 

Panel B. Special sparse 

accounting target 
FA Reserve Fund -61.9648 2776.05 197.17 3596.18 

* Note: FA Reserve Fund is reported as a diagnostic sparse accounting target and is not included in the main global metrics used for 

model comparison. 

For this reason, the FA Reserve Fund is retained in the results for transparency but is not used as 
a representative target for assessing the general predictive capability of the model. The main 
performance interpretation should focus on the regular cost components and aggregate indicators, 
including construction cost, equipment procurement cost, installation cost, other cost, and static 
investment. From this perspective, the proposed framework maintains competitive prediction accuracy 
while providing additional structural consistency through engineering-constraint coordination. 

3.5. Trend response analysis of multi-target cost predictions 

To further reveal the response patterns of the optimized model to multiple cost items under 
different engineering conditions, we, based on the analysis of prediction results, plotted trend curves 
with project altitude and building area as the horizontal axes and the predicted values of five major 
budget-estimate cost items excluding the reserve fund as the vertical axes. Unlike simple scatter plots 
comparing predicted and actual values, such trend plots place greater emphasis on the overall evolution 
patterns of model outputs as typical engineering conditions vary continuously. Therefore, from the 
perspective of continuous variation, they make it possible to reflect the sensitivity of different cost 
components to key engineering attributes as well as their coordinated variation relationships. 
Accordingly, our primary purpose of this analysis was not to examine prediction errors point by point 
but rather to identify, at a global level, the trend characteristics of cost items as altitude and building 
area change. This analysis thereby provides a visual basis for subsequent discussion of engineering 
mechanisms and economic interpretation. 

Considering the confidentiality requirements of real engineering cost data, the trend plots were 
generated using the confidentiality-preserving visualization strategy described in Section 2.5. 
Therefore, the axes in Figure 5 should be interpreted as anonymized monotonic display scales rather 
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than original engineering or monetary values. This treatment preserves the relative trend patterns while 
avoiding direct disclosure of sensitive project information. 

Figure 5(a) shows that the five cost curves fluctuate with altitude and do not follow a strictly 
monotonic pattern. This indicates that altitude is more likely to influence substation cost indirectly 
through site conditions, transportation difficulty, construction organization, and foundation treatment, 
rather than acting as a single dominant cost driver. Despite local fluctuations, the relative hierarchy 
among static investment, equipment procurement cost, construction cost, installation cost, and other 
costs remains generally reasonable, suggesting that the model preserves coordinated cost relationships 
under changing environmental conditions. 

By contrast, Figure 5(b) presents a clearer upward trend with building area. This is consistent 
with engineering practice, because building area directly reflects project scale, spatial configuration, 
civil workload, and supporting facility requirements. Overall, the two trend plots suggest that the 
optimized model can capture different types of engineering drivers: Altitude mainly represents external 
construction conditions, whereas building area reflects internal scale expansion. 

 
 
 
 
 
 
 
 
 

  

(a) Trend curves of five estimated cost items with 
respect to project altitude 

(b) Trend curves of five estimated cost items with 
respect to building area 

Figure 5. Trend curves of five estimated cost items under the optimized model with respect 
to project altitude and building area. 

4. Discussion 

To address the challenges of strong multi-target coupling, high data heterogeneity, and difficult 
error control in substation project cost prediction, we constructed a proposed baseline model and a 
three-layer optimized model and validated them using actual engineering data. The results show that 
the baseline CatBoost model is already highly competitive in terms of global statistical metrics, 
whereas the proposed three-layer framework provides a more structured engineering-oriented 
modeling framework. Accordingly, the practical value of the proposed method lies not in 
outperforming the baseline on all global accuracy indicators, but in improving output feasibility, 
structural closure, and the treatment of selected sparse or derived targets under engineering constraints. 

In this section, we discuss the implications of the empirical results from the perspectives of 
module contribution, engineering consistency, target-specific behavior, and practical applicability. 
Rather than repeating the numerical comparisons reported in Section 3, for the discussion, we focus 
on what the results imply for hierarchical modeling in substation project cost prediction, especially 
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under the coexistence of strong baseline performance, heterogeneous target behavior, and engineering-
constraint requirements. 

4.1. Ablation study 

To verify the contribution of each component in the proposed three-layer CatBoost framework 
and to reveal the effects of different modules on prediction accuracy and engineering consistency, six 
ablation schemes were designed in this study. The six schemes were as follows: The baseline model 
that directly predicts the target variable set Y   using only the basic input variable set A  (Baseline 
CatBoost); the theoretical upper-bound model that jointly uses A  and the true intermediate variables 

(true)B   to predict Y  ( (True)A B  ); a two-layer model that employs the first layer to predict the 

intermediate variables B̂  and then performs target prediction in the second layer without imposing 
structural constraints (Two-layer w/o Constraint); a model that adds third-layer constraint coordination 
to the above two-layer model while directly predicting the target in the reserve fund (Two-layer + 
Constraint); the complete three-layer model that further adopts the derivation strategy for the reserve 
fund (Full Three-layer Model); and a variant that retains the full three-layer structure but removes the 
subsequent fine-tuning process in the second layer, preserving only the initial RMSE-based training 
stage (Full Model w/o Fine-tuning). 

For the schemes incorporating structural constraints, coordinated correctionwas is performed at 
the prediction-output level for selected targets so that the results better satisfy the predefined 
engineering identities. To evaluate the structural consistency of each ablation scheme, the residuals of 
the two accounting identities were calculated for each sample as 

1, ,82 ,93 ,100 ,101 ,117 ,118ˆ ˆ ˆ ˆ ˆ ˆ ,i i i i i i ir y y y y y y       (24) 

2, ,124 ,125 ,126 ,127 ,134 ,135ˆ ˆ ˆ ˆ ˆ ˆ .i i i i i i ir y y y y y y       (25) 

The mean absolute constraint residual is then defined as 
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As shown in Figures 6–8, the ablation results reveal a trade-off between statistical accuracy and 
engineering consistency. The baseline CatBoost model achieves the best global R² and RMSE, 
indicating that the basic input variables alone already provide a strong predictive basis. The A+B (True) 
scheme performs slightly better in MAE and wMAPE, suggesting that the intermediate variables 
contain useful information when they are accurately available. However, replacing true intermediate 
variables with predicted ones introduces error propagation, which explains the performance decline of 
the unconstrained two-layer model and indicates that the effectiveness of hierarchical feature 
enrichment depends on the reliability of intermediate-variable completion. 

The introduction of third-layer constraint coordination substantially improves structural 
consistency by reducing the residuals of the engineering balance constraints to zero or near zero. 
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Although the full three-layer model does not uniformly outperform the strong single-stage CatBoost 
baseline in global statistical metrics, this difference can be attributed to error propagation from the 
predicted intermediate variables and the subsequent adjustment of preliminary predictions required to 
enforce the accounting identities. The resulting framework therefore provides more structurally 
consistent and engineering-feasible outputs rather than unconditional gains in predictive accuracy. In 
budget-review applications, consistency between disaggregated cost components and aggregate 
investment is essential. The ablation results therefore indicate that the observed limited loss in statistical 
accuracy represents a reasonable trade-off for improved structural closure and output feasibility. 

 
 
 
 
 
 
 
 
 
 

  

(a) Global 
2R  (b) MAPE 

  

  

 

 

 

 

 

 

(c) sMAPE (d) Global wMAPE 

Figure 6. Global ablation results. 
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(a) Target-specific 
2R  for core cost indicators (b) Target-specific wMAPE for core cost indicators 

Figure 7. Target-specific ablation results for core cost indicators. 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 8. Constraint residuals. 

4.2. Trend-level comparison under building-area variation 

To compare the trend-level behavior of the baseline CatBoost model and the optimized three-layer 
model under project-scale variation, predicted and actual trend curves were plotted for five budget-
estimate cost items using building area as the horizontal-axis variable. The curves were generated using 
confidentiality-preserving transformation and quantile-based median aggregation, so that the dominant 
trend patterns could be displayed without exposing original project-scale or cost information. 

As shown in Figure 9, both models capture the overall upward relationship between building area 
and the five cost items, indicating that building area is an important scale-related driver of substation 
project cost. Compared with the baseline model, the optimized three-layer model shows closer visual 
agreement with the actual curves in several medium-to-high building-area intervals and near local 
turning points. This result suggests that the hierarchical use of intermediate variables and structural 
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coordination can improve trend-level interpretability and local output consistency, although this visual 
advantage should be interpreted with the global quantitative metrics reported in Tables 1 and 2. 

 
 
 
 
 
 
 
 
 

  

(a) Baseline model: construction cost (b) Three-layer model: construction cost 

  

 

 

 

 

 

 

(c) Baseline model: installation cost (d) Three-layer model: installation cost 

  

 

 

 

 

  

(e) Baseline model: equipment procurement cost (f) Three-layer model: equipment procurement cost 
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(g) Baseline model: other costs 

 
 
 
 
 
 

 
 

 
(h) Three-layer model: other costs 

 
 
 
 
 

 

 
 
 
 

 

  

(i) Baseline model: total cost (j) Three-layer model: total cost 

Figure 9. Comparison between actual and predicted values of the baseline CatBoost model 
and the optimized three-layer model for five budget-estimate cost items under building-
area variation. 

Figure 10 further compares the training and validation RMSE convergence curves of the baseline 
CatBoost model and the optimized three-layer model for budget-estimate static investment, 
corresponding to Column 135 in the source data, as a representative aggregate target. Both models 
show rapid error reduction in the early iterations and gradual stabilization in the later stage, indicating 
stable boosting behavior without obvious divergence. The three-layer model achieves lower training 
error and comparable validation behavior for this representative target, suggesting stronger fitting 
capacity after intermediate-variable completion. However, this convergence result should not be 
overinterpreted as global statistical dominance, but rather as supplementary evidence for the numerical 
stability and feasibility of the hierarchical modeling design. 
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Figure 10. Iteration curves of the baseline model and the optimized model. 

4.3. Comparison with conventional benchmark models 

Table 3 compares the proposed framework with six conventional benchmark models. The results 
show that tree-based ensemble models, including Bagged Trees and LSBoost Trees, outperform 
Regression Tree, SVM, KNN, and Ridge Linear, indicating that nonlinear ensemble methods are more 
suitable for the heterogeneous engineering features used in this study. 

Compared with these conventional benchmark models, the proposed three-layer framework 
achieves the best global R² and global wMAPE. This demonstrates that hierarchical feature 
organization and CatBoost-based target-wise prediction provide stronger predictive capability than 
ordinary machine-learning baselines under the current substation cost dataset. 

However, this comparison should be distinguished from the comparison with the strong single-
stage CatBoost baseline in Table 1. The proposed framework does not uniformly dominate the strong 
CatBoost baseline in all statistical metrics; its main advantage lies in structural consistency, 
accounting-feasible outputs, and the explicit treatment of sparse residual-type targets. 

Table 3. Performance of six additional benchmark models on the current dataset. 

Model 
Regression 

Tree 
Bagged Trees LSBoost Trees 

SVM 

(RBF) 
KNN Ridge Linear 

Mean_ 2R  0.7526 0.8478 0.8674 0.1186 -0.0143 -0.0143 

Median_ 2R  0.8065 0.8914 0.8831 0.0795 -0.0152 -0.0152 

Mean_MAPE 151.41 222.00 98.00 1283.11 4512.41 4512.41 

Mean_sMAPE 52.61 60.71 54.65 87.64 100.72 100.72 

Mean_wMAPE 37.14 30.61 29.30 59.87 91.99 91.99 

Global_ 2R  0.8336 0.9363 0.9360 0.0647 -0.0167 -0.0167 

Global_sMAPE 52.61 60.71 54.65 87.64 100.72 100.72 

Global_wMAPE 24.95 19.20 17.97 61.47 84.28 84.28 
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4.4. Feature importance analysis 

To further reveal the decision basis of the proposed hierarchical prediction framework and to 
identify the key driving factors affecting different cost targets, we conducted a feature importance 
analysis for the second-layer CatBoost prediction models. Specifically, after the training of each target 
variable was completed, permutation-based feature importance scores were computed for the second-
layer CatBoost prediction models and ranked from the comprehensive perspective and the individual-
target perspective. For the comprehensive feature importance analysis, the feature importance results 
of all valid target models were averaged, and the top 15 variables ranked by average importance were 
selected for presentation, as shown in Figure 11(a). For the five key targets, namely, estimated 
construction cost, estimated equipment procurement cost, estimated installation cost, estimated other 
costs, and estimated static investment, the top 15 important features of their respective models were 
extracted, and the results are shown in Figure 11(b)–11(f). This analysis reflects the dependence of the 
model on input variables from global and local perspectives, thereby enhancing the interpretability of 
the prediction framework. This design is consistent with studies emphasizing that applied machine-
learning models should be evaluated not only by prediction accuracy, but also by their ability to provide 
interpretable evidence for engineering decision-making [13,27,32]. 

The comprehensive feature-importance results show that optical cable length, transformer 
planning variables, concrete quantities, access road cost, foundation treatment cost, cable length, and 
building area are among the most influential features. These variables cover equipment scale, civil 
engineering quantity, site accessibility, material configuration, and building scale, indicating that the 
model captures multiple dimensions of substation cost formation rather than relying on a single 
dominant factor. 

The target-specific results further show both shared and differentiated cost drivers. Transformer- 
and cable-related variables frequently appear across targets, while building-area variables contribute 
more strongly to construction cost, material and cable variables are more relevant to installation cost, 
and site-development variables are more important for other costs. This pattern enhances the 
interpretability of the proposed framework and supports its engineering applicability. 
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(a) Comprehensive feature importance analysis of the 
optimized model 

(b) Feature importance analysis of estimated construction 
cost 

  

 

 

 

 

 

 

 

(c) Feature importance analysis of estimated equipment 
procurement cost 

(d) Feature importance analysis of estimated installation 
cost 

  

 

 

 

 

 

  

(e) Feature importance analysis of estimated other costs (f) Feature importance analysis of estimated static 
investment 

Figure 11. Feature importance analysis of the hierarchical prediction model. 
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4.5. Interpretation of the special sparse accounting target 

The final-account reserve fund behaves differently from regular cost components. It is closely 
related to accounting adjustment, project-specific reserve use, and the residual relationship between 
aggregate investment and component costs, rather than being mainly determined by ordinary 
engineering-scale variables. Therefore, its weak target-wise performance should be interpreted as 
evidence of the limitations of standard regression when applied to sparse residual-type accounting 
targets, rather than as a failure of the overall multi-target prediction framework. 

Accordingly, the weak predictive performance of the final-account reserve fund reflects its sparse, 
residual-type accounting nature rather than a limitation of the overall framework; its identity-based 
derivation is intended primarily to ensure structural closure and does not improve target-specific 
accuracy. In future work, researchers may therefore consider two-stage classification–regression, zero-
inflated, quantile-regression, or uncertainty-aware approaches to better model this indicator while 
retaining the hierarchical multi-target prediction and engineering-constraint coordination structure. 

4.6. Limitations and future work 

Although the baseline model and the optimized three-layer model constructed in this study 
achieved favorable results in the task of substation project cost prediction and demonstrated strong 
overall advantages over multiple comparative models, several limitations remain, which also point to 
promising directions for further optimization of the applied machine-learning framework. 

1. The data used in this study were derived from actual engineering records generated during 
budget review and final-account acceptance processes and therefore possess strong 
authenticity and engineering representativeness. However, this sample scope is mainly 
concentrated on substation projects within the State Grid system in 2024, and the 
generalization capability of the framework across years, regions, voltage levels, construction 
types, and other power-infrastructure project categories requires further validation. 
Researchers may therefore incorporate more diverse engineering samples and, where 
necessary, adapt project-specific feature and accounting definitions to improve the robustness 
and broader applicability of the framework. 

2. The proposed model mainly relies on structured features obtained from engineering cost 
review and final-account data, including project scale, technical conditions, regional 
attributes, and related cost indicators. However, external factors such as material-price 
fluctuations, regional labor-cost differences, construction periods, policy adjustments, and 
equipment-market conditions have not been systematically incorporated. Researchers could 
build upon the structured variables by further integrating external information such as 
macroeconomic indicators, regional market conditions, and construction-environment 
factors, thereby establishing a multi-source data fusion framework to enhance the model’s 
adaptability to complex engineering scenarios. 

3. The proposed model achieved relatively stable predictive performance for most major cost 
indicators, whereas some reserve-related or small-value indicators were affected by zero 
values, sparse distributions, and strong fluctuations. Researchers may adopt classification–
regression joint modeling, zero-inflated learning, quantile regression, or uncertainty-aware 
prediction to improve the identification and prediction of these special accounting targets 
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while retaining the hierarchical multi-target prediction and engineering-constraint 
coordination structure. 

Taken together, these observations clarify both the practical value and the limitations of the 
proposed hierarchical framework, which are summarized in the following conclusion section. In 
particular, construction-material price fluctuations may introduce temporal shifts into cost data, and 
dedicated price-prediction or market-index variables could be incorporated in future extensions [33]. 

5. Conclusions 

In this study, we proposed a constraint-coordinated hierarchical CatBoost framework for multi-
target cost prediction in substation engineering projects. Using 2820 real engineering records collected 
within the State Grid system in 2024, the proposed framework decomposes the prediction task into 
basic feature representation, intermediate-variable completion, target-wise cost prediction, and 
engineering-constraint coordination. This design reflects the practical formation logic of substation 
project cost, in which multiple cost components are not independent labels but are associated with 
engineering quantities, project-scale attributes, and accounting identities. The principal findings are 
summarized as follows: 

 The experimental results show that the proposed framework achieves a global R² of 0.9521 
and a global wMAPE of 17.06%, demonstrating strong predictive capability on real-world 
heterogeneous engineering data. Compared with six conventional benchmark models, the 
proposed framework achieves better global fitting performance and overall weighted error 
control. These results indicate that hierarchical feature organization and CatBoost-based 
target-wise prediction can effectively support cost estimation for complex substation projects. 

 The comparison with the strong single-stage CatBoost baseline shows that the proposed 
framework does not achieve the best result for every global statistical metric, and the baseline 
remains competitive in overall predictive accuracy. The principal contribution of the 
proposed framework lies in coordinating multi-target outputs: it reduces violations of 
predefined engineering accounting identities and improves consistency between 
disaggregated cost components and aggregate investment indicators. The resulting 
framework therefore provides a practical balance between statistical accuracy and accounting-
identity consistency while demonstrating the value of task-specific hierarchical organization 
and constraint-based output optimization in applied machine-learning prediction. 

 The target-wise analysis indicates relatively stable performance for the major cost 
components, whereas reserve-related indicators require separate treatment because of their 
sparse, zero-inflated, and residual-type characteristics. Target-adaptive strategies, including 
classification-regression modeling, zero-inflated learning, quantile prediction, and 
uncertainty-aware estimation, may provide more suitable mechanisms for these special 
accounting targets. 

Overall, the framework can support budget review, investment control, and engineering decision-
making through structurally consistent multi-target cost estimates. In future research, we will extend 
the dataset across years, regions, voltage levels, and project types, integrate external market and 
construction-environment variables, and develop deployment-oriented decision-support tools for 
power infrastructure cost management. 
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