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Abstract

Price volatility in steel reinforcement bars (rebar) plays a pivotal role in managing con-
struction project costs, with precise forecasting being essential for maintaining corporate
profitability and ensuring market stability. This research conducts a comprehensive evalu-
ation of five prominent forecasting models—Autoregressive Integrated Moving Average
(ARIMA), eXtreme Gradient Boosting (XGBoost), Prophet, Long Short-Term Memory
(LSTM), and Transformer—specifically applied to steel rebar price prediction. The study
emphasizes the influence of feature selection, defined as the number of historical price data
points utilized for prediction, on the accuracy of these models. Furthermore, it develops a
hybrid forecasting framework grounded in a residual complementarity mechanism aimed
at improving long-term predictive performance. The results reveal that the ARIMA model
delivers consistent and reliable short-term forecasts, particularly within a two-month hori-
zon, whereas the Prophet model effectively captures long-term price trends but suffers from
notable short-term bias. A two-stage hybrid model (referred to as Combination Model II),
which integrates ARIMA and Prophet through residual inversion, demonstrates superior
forecasting accuracy over a six-month period. This hybrid approach surpasses the stan-
dalone ARIMA model by more than 70% across key evaluation metrics—including Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), Symmetric Mean Absolute Percentage Error (SMAPE), and Mean Absolute Scaled
Error (MASE)—and exceeds the performance of the standalone Prophet model by over 90%.
This integration effectively combines the high short-term precision of ARIMA with the long-
term trend stability of Prophet. Within the domain of machine learning and deep learning
models, XGBoost achieves optimal predictive accuracy when utilizing between one and
four features. The predictive performance of LSTM does not exhibit a straightforward linear
relationship with the number of features; however, certain feature combinations enable it to
outperform other models. Transformer models maintain stable accuracy when employing
feature sets ranging from one to five and twelve to seventeen, but display considerable
variability in performance when the feature count lies between five and twelve. This
investigation delineates the optimal parameter ranges and contextual applicability for each
model. The proposed hybrid forecasting methodology, alongside a model transfer strat-
egy encompassing data preprocessing adjustments, parameter optimization, and weight
adaptation, offers practical applicability to other commodity markets such as cement and
concrete. Consequently, this research provides a scientifically grounded framework to
support procurement decision-making processes within construction enterprises.
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1. Introduction
In the cost structure of engineering projects, material expenses represent the pre-

dominant portion of total project investment, with large- and medium-scale construction
endeavors typically extending over multiple years. Variations in material prices signifi-
cantly influence the profitability of construction firms (Abdul Nabi et al. [1]; Amini et al. [2];
Elfahham [3]; Kar and Jha [4]; Onayev et al. [5]; Sharma and Goyal [6]). Precise forecasting of
material prices improves the accuracy of overall project cost estimations, thereby safeguard-
ing the realization of expected profit margins (Du et al. [7]; Fischer [8]; Hwang et al. [9];
Isikdag et al. [10]). As a fundamental construction material, fluctuations in rebar prices have
substantial implications for project cost management. Existing forecasting methodologies—
including traditional statistical models as well as machine learning and deep learning
techniques—face inherent challenges in balancing short-term and long-term predictive
accuracy while adapting to the complex and dynamic market conditions characteristic of
the steel reinforcement industry.

To address these industry challenges and methodological limitations, this study de-
lineates clear primary and secondary objectives. The primary aim is to develop a high-
precision hybrid model for forecasting rebar prices. By integrating the complementary
strengths of various individual models, the proposed approach seeks to markedly im-
prove the long-term forecasting accuracy of average rebar prices over a six-month horizon,
thereby mitigating the deficiencies of single models in capturing extended price trends.
The secondary objectives encompass three key aspects: (1) systematically comparing the
predictive performance of five representative models—ARIMA, XGBoost, Prophet, LSTM,
and Transformers—across different feature selection parameters (i.e., the number of histori-
cal price points utilized for forecasting) and temporal horizons, to elucidate their respective
advantages and limitations in short-term versus long-term rebar price prediction and to
establish clear criteria for model selection; (2) investigating the optimal parameter ranges,
such as feature value intervals, for each individual model in the context of rebar price fore-
casting, thereby providing practical guidance for parameter tuning in analogous predictive
models within the construction materials sector; and (3) validating the practical applicabil-
ity of the constructed hybrid model for industry stakeholders, ensuring its direct utility in
operational decision-making processes within construction firms, steel manufacturers, and
distributors following minimal parameter adjustments.

Current approaches to steel rebar price forecasting exhibit notable shortcomings.
Traditional statistical models, such as ARIMA, demonstrate robust short-term predic-
tive capabilities but are limited in capturing long-term trends and nonlinear fluctuations.
Conversely, models like LSTM and Transformers effectively model complex nonlinear
relationships but lack a standardized optimal feature selection range, resulting in unstable
predictions sensitive to the number of input features. Existing hybrid models predomi-
nantly rely on simple aggregation techniques, neglecting the complementary strengths of
individual models in short-term versus long-term forecasting—for example, Prophet excels
in modeling long-term trends but exhibits considerable short-term bias, whereas ARIMA
achieves high short-term accuracy but struggles with long-term trend representation. The
complementary residual error distributions observed between these models provide a solid
foundation for developing novel hybrid models that address current deficiencies in fusion
logic and coordination.
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This research is highly pertinent to industrial practice, offering actionable solutions
for all participants in the rebar supply chain. Construction enterprises can leverage the
findings to formulate scientifically grounded procurement strategies, secure costs, and
mitigate risks associated with price volatility. Similarly, steel manufacturers and distributors
may optimize production scheduling and inventory management to achieve efficient
resource allocation.

The five models selected for this investigation—ARIMA, XGBoost, Prophet, LSTM,
and Transformers—represent the three principal methodological categories: traditional
statistical methods, machine learning, and deep learning, each characterized by distinct
attributes. ARIMA, a classical statistical model, provides strong interpretability for short-
term forecasting and serves as a benchmark. XGBoost excels in nonlinear fitting and
noise robustness, delivering high efficiency in engineering predictions. Prophet effectively
handles missing and anomalous data, adapting well to long-term trend capture. LSTM
addresses the gradient vanishing problem inherent in recurrent neural networks, excelling
at modeling medium- to long-term dependencies. Transformers utilize self-attention mech-
anisms to enable parallel computation and capture multi-scale dependencies. Conducting a
multi-model comparison facilitates a comprehensive evaluation of diverse methodologies,
mitigating bias and establishing a foundation for hybrid model construction.

The forecasting methodology developed herein is transferable to analogous commod-
ity markets, such as cement and non-ferrous metals. This transferability involves three
stages: first, adjusting data preprocessing techniques to accommodate the specific character-
istics of the target market data and ensure continuity; second, optimizing model parameters
in accordance with the price fluctuation patterns of the target market; and third, validating
the hybrid model’s adaptability and adjusting the weighting of individual models to align
with the pricing mechanisms of the target market.

The innovations of this research are threefold. First, it proposes a two-stage residual
complementary hybrid model that initially integrates ARIMA and Prophet to enhance
long-term forecasting accuracy, subsequently incorporating ARIMA’s short-term strengths
to achieve balanced performance across temporal horizons. Second, it systematically inves-
tigates the optimal feature value ranges for models such as XGBoost and LSTM, addressing
a gap in parameter selection guidance for similar models. Third, it elucidates the comple-
mentary mechanism between ARIMA and Prophet through residual distribution analysis,
offering novel insights for the development of residual-complementary hybrid models.
Unlike most studies that focus primarily on result presentation and simple parameter opti-
mization, this research adopts a data input perspective to clarify the relationship between
feature selection and model performance, thereby deepening the analytical rigor.

The structure of this paper is as follows: Section 2 reviews the current state of rebar
price forecasting research, analyzing the strengths and weaknesses of the three model cate-
gories; Section 3 details the construction processes of the five models; Section 4 compares
the predictive results of individual models to identify effective candidates; Section 5 devel-
ops and optimizes the two-stage hybrid model; finally, conclusions are drawn, limitations
are discussed, and directions for future research are proposed.

For clarity, models employing varying numbers of feature values—that is, the quantity
of historical price data points used for prediction—are uniformly denoted using the format
“Model Name + Number” (e.g., “XGBoost1” indicates an XGBoost model utilizing one
feature value, whereas “LSTM5” denotes an LSTM model employing five feature values).

2. Research Background
Accurately forecasting rebar prices is essential for effective cost management in con-

struction projects and the procurement of structural steel. Due to the temporal dynamics
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and inherent volatility of rebar pricing, existing research has predominantly concentrated
on time series analytical approaches. In recent years, a range of statistical and machine
learning methodologies have been extensively employed to predict prices of rebar and
steel. Nevertheless, the performance of these models exhibits considerable variability
across diverse contexts, and there is a notable absence of comprehensive and systematic
comparative evaluations.

2.1. Statistical Models

Conventional statistical models predominantly utilize mathematical frameworks to
identify linear patterns within time series data; however, their effectiveness in capturing
intricate market dynamics remains limited. Kapl and Müller [11] conducted a comparative
analysis of the AMNIA and Multivariate Singular Spectrum Analysis (MSSA) models
in forecasting prices of US hot-rolled coil steel. Their findings indicated that the predic-
tive accuracy of the MSSA model improved as the length of the time series increased.
Nonetheless, both models exhibited difficulties in accurately modeling abrupt short-term
fluctuations, such as sudden spikes in raw material costs. More recent research efforts have
sought to enhance statistical forecasting approaches. For instance, Faghih and Kashani [12]
developed a Vector Error Correction (VEC) model to predict US construction steel prices,
incorporating macroeconomic variables to achieve robust performance in both short- and
long-term forecasts. Despite these strengths, the model’s dependence on stable economic
conditions constrains its applicability in the context of increased market volatility follow-
ing the pandemic. Similarly, Uvarova et al. [13] integrated ARIMA models with expert
elicitation to forecast rebar prices in two Russian regions, employing qualitative insights
to mitigate the limitations inherent in purely statistical methods; however, this approach
may be susceptible to subjective biases introduced by expert judgment. Additionally,
Shiha and El-Adaway [14] identified Mexico’s Producer Price Index as a reliable leading
indicator for steel prices and demonstrated that their optimized Vector Error Correction
Model surpassed traditional models over an 18-month forecasting horizon, particularly
in anticipatory predictions. Nevertheless, this model showed limited responsiveness to
regional trade policy changes.

2.2. Machine Learning and Deep Learning Models

Machine learning models demonstrate considerable proficiency in capturing nonlinear
relationships; however, their effectiveness is highly contingent upon data quality and
parameter optimization, with findings differing across various studies. Marzouk et al. [15]
analyzed Egyptian market data spanning 2000 to 2010, integrating fuzzy logic with neural
networks to identify construction materials sensitive to price changes and to predict price
fluctuations. This methodology aids contractors in tender bidding and procurement plan-
ning, while also enabling project owners to estimate total costs. Jiang et al. [16] emphasized
the critical importance of reliable construction price forecasting for the industry, noting that
price volatility influences multiple decision-making processes. They observed that prior re-
search rarely accounts for global economic events and seasonal price variations; thus, their
study incorporated these factors as dummy variables alongside macroeconomic indicators
to develop a Vector Error Correction (VEC) model. This model outperformed traditional
approaches and facilitated analysis of the effects of specific events on the industry.

Tang et al. [17] addressed uncertainty in building material price fluctuations by propos-
ing an Improved Particle Swarm Optimization-Least Squares Support Vector Machine
(IPSO-LSSVM) forecasting method. By enhancing the particle swarm algorithm to optimize
Least Squares Support Vector Machine (LSSVM) parameters, this approach mitigates the lo-
cal optimum problem inherent in standard Particle Swarm Optimization (PSO). Validation
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conducted in MATLAB revealed an average relative error of 2.11%, demonstrating superior
accuracy and convergence relative to conventional algorithms, thereby confirming its prac-
tical applicability. Mi et al. [18] developed a Variational Mode Decomposition-Ensemble
Empirical Mode Decomposition-Long Short-Term Memory (VMD-EEMD-LSTM) model for
forecasting rebar futures prices, improving feature extraction through time series decompo-
sition. This model surpassed single-model approaches in 14-day short-term forecasting but
entails high computational demands, limiting its feasibility for enterprises with constrained
technical resources.

Tian and Shang [19] proposed a hybrid Convolutional Neural Network-Long Short-
Term Memory (CNN-LSTM) model to forecast HRB400 rebar prices. This model combines
the spatial feature extraction capabilities of Convolutional Neural Networks (CNN) with
the temporal dependency modeling of Long Short-Term Memory (LSTM) networks. The
forecasting results exhibited significantly closer alignment with actual price fluctuations
compared to single-model methods. However, the approach requires large-scale, high-
frequency data, restricting its applicability in regions with incomplete datasets. Alcalde [20]
utilized Nonlinear AutoRegressive (NAR), Nonlinear Input–Output (NIO), and Nonlinear
AutoRegressive with eXogenous inputs (NARX) neural networks to predict Spanish hot-
rolled coil prices, finding that the NARX model performed best due to its incorporation
of external variables. Nonetheless, its predictive accuracy diminished during periods
characterized by abrupt fluctuations in external factors such as energy prices.

Assaf et al. [21] employed a Deep Autoregressive Model (DeepAR)-based autore-
gressive recurrent network to forecast U.S. construction steel prices amid post-pandemic
uncertainty, achieving an average absolute percentage error of only 4%. However, this
probabilistic forecasting framework lacks sufficient interpretability for practical decision-
making. Lederer et al. [22] observed that the sharp increase in construction costs during
2020–2021 complicated contractors’ ability to honor fixed contract prices, necessitating the
use of price indices to forecast and reserve adjustment margins for risk mitigation. They
applied four methodologies—including regression analysis and exponential smoothing—
and identified the optimal approach through multi-criteria decision-making validated with
statistical data, aiming to determine suitable forecasting methods for construction materials
and engineering costs in Central and Eastern Europe.

Guo et al. [23] highlighted the critical role of accurate construction material price
forecasting for project cost control and risk management, noting that strong nonlinearity
and volatility undermine the effectiveness of traditional methods. They proposed the
Complete Ensemble Empirical Mode Decomposition with Adaptive Noise-Variational
Mode Decomposition-Gated Recurrent Unit-Autoregressive Integrated Moving Average
(CEEMDAN-VMD-GRU-ARIMA) model, which optimizes Variational Mode Decomposi-
tion (VMD) parameters and adaptively selects prediction models, achieving an adjusted
R2 of 81.10%. This model offers novel insights for short-term forecasting of construction
materials. Ning et al. [24] developed a rebar price prediction model combining sliding
windows with Categorical Boosting (CatBoost), demonstrating superior accuracy relative to
multiple comparison models and robust fitting performance during the pandemic, thereby
supporting decision-making for relevant stakeholders.

Merika et al. [25] constructed a machine learning decision support framework to
evaluate trade-offs between continuing vessel operations and salvaging residual steel value.
They compared the predictive performance of Long Short-Term Memory (LSTM) and Au-
toregressive Integrated Moving Average (ARIMA) models against traditional approaches
for dry bulk freight rates and scrap steel prices, segmenting estimates by vessel type and
incorporating macroeconomic variables to enhance robustness. This framework provides
shipowners with a scalable tool for optimizing scrapping strategies. Xiong et al. [26]
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proposed a VMD-Sparrow Search Algorithm-LSTM (VMD-SSA-LSTM) hybrid model to
improve construction material price forecasting accuracy. This method decomposes histori-
cal data using Variational Mode Decomposition (VMD), optimizes LSTM parameters via
the Sparrow Search Algorithm (SSA), and aggregates predictions through LSTM modeling.
Validation using Hengyang rebar price data demonstrated superior accuracy compared
to Backpropagation (BP) neural networks, offering a practical tool for engineering cost
management, budget planning, and risk mitigation.

2.3. Combined Model

Ensemble models leverage the advantages of multiple individual models; however,
current studies predominantly utilize rudimentary aggregation techniques that lack sophis-
ticated fusion strategies. Liu et al. [27] highlighted the construction sector’s pronounced
vulnerability to fluctuations in material prices, noting that conventional econometric ap-
proaches are insufficient to effectively capture the sector’s frequent volatility. This review
critically evaluates the deployment of data-driven methodologies, with an emphasis on
machine learning, in forecasting construction material prices. It categorizes these ap-
proaches into causal modeling and time series analysis, advocating for the adoption of
hybrid models to enhance project decision-making and cost control. Dai et al. [28] applied
a residual inversion technique to integrate ARIMA and GM(1,1) models for predicting
rebar prices in Guangzhou, demonstrating improved accuracy relative to individual mod-
els. Nonetheless, their fusion framework did not adequately exploit the complementary
strengths of these models in addressing short-term versus long-term forecasting horizons.
Zhang [29] refined the time series decomposition process by implementing an inverse
variance-weighted fusion of multiplicative and additive models for rebar price predic-
tion; however, the model’s performance exhibited sensitivity to the chosen decomposition
methods and lacked robustness across different regions. Xu and Zhang [30–32] conducted
comprehensive investigations into Chinese steel price forecasting by developing Gaussian
process regression models for ten steel product categories, employing regional nonlinear
neural networks for market analysis, and utilizing nonlinear autoregressive neural net-
works to predict scrap steel prices. While these models achieved high forecasting precision,
their design was tailored specifically to the Chinese market context, neglecting international
factors such as European carbon policy constraints, thereby limiting their generalizability.
This analysis underscores the necessity for a thorough evaluation of the strengths and
limitations inherent in existing modeling approaches.

2.4. Advantages and Limitations of the Three Categories of Models
2.4.1. Advantages

Statistical models are characterized by their straightforward structure, low computa-
tional demands, and high interpretability. Models such as ARIMA and VEC demonstrate
strong performance in stable market conditions and are particularly well-suited for short-
term forecasting involving linear trends. In contrast, machine learning and deep learning
models exhibit a superior capacity to capture nonlinear relationships and complex fea-
tures. Architectures including LSTM, CNN-LSTM, and Transformers effectively extract
latent patterns from high-dimensional datasets, yielding enhanced predictive accuracy in
volatile market environments. Hybrid models combine the complementary strengths of
these approaches, integrating the linear trend-capturing ability of statistical models with
the nonlinear feature extraction capabilities of machine learning techniques to improve
forecasting robustness.
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2.4.2. Limitations

Statistical models exhibit limited adaptability to nonlinear volatility and abrupt mar-
ket shocks, often relying heavily on the assumption of data stationarity. They also face
challenges in incorporating complex external factors such as geopolitical events or envi-
ronmental policies. Machine learning and deep learning models, while powerful, require
extensive data and computational resources, are prone to overfitting, and generally lack
interpretability. Moreover, parameter tuning in these models lacks standardized proce-
dures, and their performance tends to deteriorate in scenarios with limited sample sizes.
Combination models frequently utilize simplistic weighting schemes without rigorous
analysis of the underlying complementary mechanisms, resulting in fusion strategies that
lack a solid theoretical foundation.

Current research in this domain is hindered by two primary deficiencies. First, there
is an insufficient focus on market-specific characteristics. Although existing studies have
developed various forecasting models based on national or regional datasets, these efforts
remain inadequate given the substantial heterogeneity across global markets—for example,
China’s policy-driven market, the market-oriented United States, and Europe’s carbon
neutrality-constrained market—each of which demands tailored analytical approaches.
Second, the depth of model analysis is often lacking; most studies prioritize the presentation
of forecasting outcomes without thoroughly investigating the fundamental factors driving
differences in model performance, such as the impact of feature selection mechanisms on
the stability of models like XGBoost compared to Transformers.

This study seeks to address these gaps through the following strategies: (1) the selec-
tion of five representative models encompassing statistical, machine learning, and deep
learning paradigms (ARIMA, XGBoost, Prophet, LSTM, and Transformers) to systemat-
ically compare their performance across varying feature sets and forecasting horizons,
thereby providing a foundation for informed model selection in rebar price prediction;
and (2) the development of a two-stage composite model based on rebar price data from
Guangdong Province—the largest rebar consumption region in China—that exploits resid-
ual complementarity. This composite model integrates ARIMA’s proficiency in short-term
forecasting with Prophet’s capability to capture long-term trends, offering methodological
support for enhanced price forecasting accuracy.

3. Prediction Model Construction
This article selects five representative price prediction methods to establish a price pre-

diction model, and the details of these methods will be discussed in the following sections.

3.1. Data Collection, Cleaning, and Analysis
3.1.1. Data Collection and Cleaning

The price data for threaded steel utilized in this study were sourced from the
“Guangdong Province Construction Engineering Material Price Monitoring System”
(http://cbprov.gldjc.com/gd/homepage) The website was accessed on 1 July 2024 to retrieve
the complete price dataset spanning from 1 May 2018 to 31 December 2023. The selection
of this platform as the primary data source was guided by three principal considerations:

1. Authority and Reliability: This monitoring system is developed and managed under
the auspices of relevant provincial authorities in Guangdong. The data are directly
obtained from leading steel manufacturers, building material distributors, and pro-
curement records associated with major construction projects within the province. The
dataset undergoes rigorous multi-level verification and validation procedures, effec-
tively mitigating subjective biases commonly present in self-reported corporate data.
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Consequently, this system is recognized as the official and authoritative repository for
construction material price monitoring within Guangdong.

2. Data Relevance and Completeness: The system specifically tracks prices of materials
frequently employed in construction, including daily quotations for standard specifi-
cations of rebar such as HRB400E. This focus aligns closely with the research objective
of forecasting rebar prices for construction applications. Moreover, the system has
been operational continuously since 1 May 2018, thereby providing an uninterrupted
and comprehensive time series of price data adequate for model training purposes.

3. Regional Representativeness: Guangdong, as a leading economic province and in-
frastructure hub in China, ranks among the top regions nationally in terms of rebar
consumption and circulation volume. Its market pricing reflects both national supply–
demand dynamics and policy influences while also capturing regional market factors
such as port-imported iron ore availability and local infrastructure investment cycles.
Thus, data from Guangdong serve as a highly representative indicator of the broader
national rebar market. Predictive insights derived from this regional dataset can
be reasonably extrapolated to other economically advanced regions or applied in
nationwide market analyses.

Given the variability of rebar prices across different steel mills and cities, attributable
to the diversity of rebar materials used in construction, it is noteworthy that price differ-
entials and trends among various rebar types and across cities exhibit consistent patterns.
Accordingly, the price of HRB400E ϕ 25 rebar in Guangzhou was selected as a representa-
tive benchmark for data acquisition and organization. The monitoring website commenced
operation on 1 May 2018; thus, price data for HRB400E ϕ 25 rebar spanning from 1 May
2018 to 31 December 2023 were collected as the foundational dataset.

To ensure data sufficiency for predictive model development, missing values were
interpolated due to the release of threaded steel price information exclusively on working
days, with no disclosures on weekends or national holidays. The interpolation employed
was the arithmetic sequence method within linear interpolation, chosen for its ability to
preserve data trend continuity while minimizing fluctuations.

In practical construction project management, forecasts of future prices primarily in-
form the preparation of material procurement plans on monthly, quarterly, and semiannual
bases. Accordingly, the threaded steel price data were segmented into three intervals per
month: early, mid, and late periods. Following segmentation, the triple standard deviation
method was applied to identify and remove outliers, after which the mean price was calcu-
lated. This processed data facilitated the generation of the price trend chart for HRB400E ϕ

25 rebar in Guangzhou from 1 May 2018 to 31 December 2023, as depicted in Figure 1.

3.1.2. Data Analysis

To scientifically select the most suitable model, a quantitative analysis was conducted
across three core dimensions: trend characteristics, seasonal patterns, and dataset scale.
The results are as follows:

Trend Analysis

Employing dual validation through linear trend fitting and the Mann–Kendall
trend test:

(1) Linear Trend Fitting:

The price sequence fitting equation is as follows:

y = 23.62x + 4568.3 (1)

(x denotes the time sequence number and y denotes the price).
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The negative slope indicates that rebar prices exhibited a weak downward trend from
2018 to 2023.

(2) Mann–Kendall Test

The statistical measure Z = −1.87 (p-value = 0.062 > 0.05) indicates that the trend is not
statistically significant. This suggests that price fluctuations remain generally moderate,
with no pronounced unidirectional trend.

(3) Local Features

Through the -6-period moving average, multiple short-term fluctuation cycles have
been identified, presenting an overall mixed trend characterized by “weak decline
amid volatility”.

 

Figure 1. Price trend chart of HRB400E ϕ 25 rebar in Guangzhou from 1 May 2018 to 31 Decem-
ber 2023.

Seasonal Analysis

Verification was conducted using time series decomposition (additive model: yt =

Tt + St + Rt where Tt denotes the trend component, St the seasonal component, and Rt the
random component) and analysis of variance (ANOVA).

(1) Seasonal Fluctuation Range:

The fluctuation of St was merely 3.2% of the price mean (maximum ±150 yuan/tun),
significantly lower than the random component fluctuation (±500 yuan/tun);

(2) ANOVA Test

The F-statistic for the difference in mean prices across quarters = 1.23 (p-value =
0.301 > 0.05), failing to reject the null hypothesis that “there is no significant difference in
prices across quarters”.

The seasonal characteristics of rebar price data are not pronounced, with fluctuations
primarily driven by random factors.

Analysis of Dataset Scale

(1) Sample size

The dataset spans six years from 2018 to 2023. After segmenting the data into “be-
ginning, middle, and end of month” intervals, 222 valid samples were obtained. This
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constitutes a medium-sized time series dataset (100–500 samples are suitable for fitting
most statistical and machine learning models).

(2) Data granularity

The three-tier granularity within the monthly period preserves the details of price
fluctuations while avoiding the noise interference inherent in daily data. This approach is
well-suited for steel reinforcement procurement within engineering projects, facilitating
the formulation of monthly and quarterly procurement plans, as well as the execution of
annual steel reinforcement procurement contracts.

Data Limitations and Countermeasures

This study employed rebar price data from 1 May 2018 to 31 December 2023 for model
training. It is essential to explicitly state the potential temporal bias within this dataset and
the countermeasures implemented:

Sources of temporal bias: While the 2018–2023 dataset encompasses a complete eco-
nomic cycle (including the 2020 COVID-19 pandemic shock, the 2021 infrastructure in-
vestment rebound, and the 2022 property market regulation), it retains certain limitations:
Firstly, it excludes certain extreme market scenarios (such as the 2008 global financial
crisis and the sharp fluctuations in steel prices during 2015), potentially undermining the
model’s predictive capability for rare, extreme volatility. Secondly, recent developments
like the “dual carbon” policy and the expansion of the new energy sector have progressively
deepened their influence on the rebar market. The dataset only captures price responses
during the initial stages of these policies, potentially failing to fully capture long-term
structural trends.

To mitigate temporal bias, this study incorporates the latest data from January to June
2024 during model validation for out-of-sample testing, verifying the model’s adaptability
to new market conditions. Concurrently, the conclusions explicitly state that the findings
are most applicable to macroeconomic and policy environments similar to those post-2018.
Should the model be applied to extreme market scenarios or periods of long-term structural
transformation, adjustments must be made based on prevailing market characteristics.
Furthermore, subsequent research will extend the data timeframe (e.g., incorporating price
data since 2010) to enhance the model’s generalization capability and temporal robustness.

3.2. Selection of Model Construction Methods

This study utilizes univariate time series data corresponding to rebar prices. Two
primary methodological approaches exist for forecasting univariate time series: statistical
modeling and machine learning-based modeling. Within the machine learning paradigm,
deep learning techniques have further advanced and are increasingly applied to time series
prediction tasks.

The Autoregressive Integrated Moving Average (ARIMA) model is selected as the
representative statistical forecasting method. As an extension of the ARMA model, ARIMA
is a classical and widely adopted approach in time series analysis, particularly suited for
modeling non-stationary data.

For the machine learning approach, the eXtreme Gradient Boosting (XGBoost) al-
gorithm is employed. XGBoost has gained prominence due to its extensive use by top
competitors in Kaggle challenges, often serving as the preferred model among winning
teams owing to its robust performance and broad applicability.

The Long Short-Term Memory (LSTM) network, an architecture derived from Re-
current Neural Networks (RNNs), is chosen as the primary deep learning model. LSTM
effectively mitigates the issues of vanishing and exploding gradients inherent in traditional
RNNs. Its advantages include the ability to capture long-term dependencies by retaining
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salient information over extended sequences, flexible modeling of nonlinear relationships
suitable for complex time series, automatic feature extraction including latent patterns, and
strong generalization capabilities with relative insensitivity to dataset size.

Beyond LSTM, this research also explores the application of the self-attention mecha-
nism through the Transformer model, originally introduced by the Google research team in
2017. Although initially developed for natural language processing tasks, the Transformer’s
self-attention mechanism has demonstrated promising results in time series forecasting.

In addition to these four models, the study incorporates the Prophet model, an open-
source forecasting tool released by Facebook in 2017. Prophet is particularly effective in
capturing strong seasonal patterns in historical data and is capable of handling outliers and
certain missing values within the time series.

Among the five selected forecasting algorithms, XGBoost, LSTM, and Transformer
models utilize a rolling forecasting framework. Their core functionality depends on the
parameter termed “eigenvalue,” which in this context refers to the number of historical
lagged price terms incorporated as input features. This parameter varies within the range
of 1 to 18, enabling analysis of how different lengths of historical data influence predictive
accuracy. It is important to clarify that the term “eigenvalue” here is defined specifically
as the count of lagged observations used for prediction, distinct from the conventional
mathematical definition related to matrix eigenvalues.

The dataset employed spans from 1 May 2018 to 31 December 2023 for model training
and development. Subsequently, price data from January to June 2024 are utilized to
validate and evaluate the forecasting performance of each model.

3.3. The Applicability, Advantages, and Limitations of the Selected Model
3.3.1. The Applicability of the Selected Model

The application scenarios for each model are as Table 1:

Table 1. Scope of Application for the Model.

Data Characteristics Data Scale Predictive Scenarios Prerequisite
Assumptions

Arima

Linear non-stationary
time series, with no
significant non-linear
discontinuities in the data;

Sample size ≥ 50

Short-term forecast: a
scenario of market
stability with no
significant policy
changes or
external shocks.

The error term follows
an independent and
normal distribution, and
the sequence exhibits no
significant seasonal or
cyclical patterns.

Prophet

Time series exhibiting
long-term trends with
minimal short-term
volatility, permitting a
small number of missing
values and outliers;

Sample size ≥ 100 Long-term forecast

The trend component
exhibits linear or
geometric growth,
whilst the seasonal
component fluctuates
with relative regularity
(though no significant
seasonal effect
is required).

XGBoost

Time series exhibiting
short-term non-linear
dependencies impose no
strict requirements on
data stationarity;

Sample size ≥ 150

Medium-to-short-
term forecast: a
scenario of moderate
market volatility
without
extreme shocks.

Price changes depend
on historical lag
characteristics, with no
significant cross-cycle
long-term dependencies.
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Table 1. Cont.

Data Characteristics Data Scale Predictive Scenarios Prerequisite
Assumptions

LSTM

Time series exhibiting
long-term non-linear
dependencies and
complex volatility,
supporting the capture of
cross-cycle correlations;

Sample size ≥ 200

Medium-to-long-term
forecasts for scenarios
characterized by
pronounced market
volatility and
significant
non-linear behavior.

Price changes exhibit
long-term dependencies.

Transformer

Multiscale co-dependent
time series, supporting
the capture of synergistic
effects between
short-term inertia and
long-term trends;

Sample size ≥ 200

Medium-to-long-term
forecast: a complex
market driven by
multiple factors.

Price changes exhibit
multi-
scale dependencies.

3.3.2. The Advantages, and Limitations of the Selected Model

The advantages and limitations of each model are as Table 2:

Table 2. Model Strengths and Limitations.

Advantages Limitations

Arima

Principles are straightforward and highly
interpretable; computational costs are low and
implementation is straightforward; feature
engineering is unnecessary; short-term
forecasting remains stable.

Rapid long-term accuracy decay; fails to
capture non-linear fluctuations; sensitive to
outliers; unable to incorporate external factors;
demanding data pre-processing requirements.

Prophet

Highly robust, automatically handles
missing/outlier values; excellent trend-fitting
capability; simple parameter tuning; supports
holiday effects.

Significant short-term absolute errors; sluggish
response to non-linear abrupt changes; limited
interpretability; conservative forecasting bias.

XGBoost

Strong generalization ability and noise
resilience; efficient training; supports
regularization to prevent overfitting; capable of
identifying key features.

Long-term forecasting stability is insufficient;
lagging features require manual construction;
capture of long-term dependencies is weak;
sensitive to extreme values.

LSTM
Strong long-term dependency capture; superior
non-linear fitting; end-to-end learning; high
accuracy over medium to long time horizons.

High computational cost requiring GPUs;
complex parameter tuning; poor
interpretability; prone to overfitting with small
samples.

Transformer

Strong capture of multi-scale dependencies;
highly efficient parallel computing; strong
scalability; stable forecasting in
volatile markets.

High computational cost requiring GPUs;
complex parameter tuning; poor
interpretability; prone to overfitting with
small samples.

3.4. Price Prediction Model Construction
3.4.1. Arima
Model Principle

The Autoregressive Integrated Moving Average (ARIMA) model forms the core of
the Box-Jenkins time series analysis methodology, combining autoregressive (AR) models,
moving average (MA) models, and integration (I) processes. Its fundamental assumptions
include: the error term of a stationary sequence follows an independent and identically
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distributed (i.i.d.) distribution (typically normal); price changes depend solely on historical
prices and historical errors, disregarding external variables.

Parameter Selection

Employing the Box-Jenkins methodology, the three-step approach of “model identifica-
tion → parameter estimation → model diagnostics” was used to determine the parameters
of the ARIMA(p, d, q) model.

(1) Determination of the order of differencing d (stationarity test)

The Augmented Dickey–Fuller (ADF) test was employed to assess the stationarity of
the time series, with the null hypothesis being that the series contained a unit root (i.e., was
non-stationary). The significance level was set at 0.05.

Original data ADF test: p-value = 0.182 (to three decimal places), greater than 0.05,
indicating non-stationarity.

First-order differenced ADF test: p-value = 0.005 (to three decimal places), less than
0.05, indicating stationarity.

ADF test after second-order differencing: p-value = 0.001 (to three decimal places).
Although stationary, over-differencing may result in information loss; hence, d = 1
is determined.

(2) Determination of the regression term p and moving average term q (ACF/PACF
analysis + AIC minimization)

By examining the morphological characteristics of the autocorrelation function (ACF)
and partial autocorrelation function (PACF) plots (Figure 2), candidate values for p and q
are initially screened. The optimal parameters are then determined by minimizing the AIC:

Figure 2. Autocorrelation and partial autocorrelation of the smoothed time series after applying the
first-order differencing.

ACF/PACF Plot Analysis:
The ACF plot of the first-order differenced stationary sequence (Figure 2) is truncated

at lag 5 (falling within the 95% confidence interval), suggesting q = 5 as the candidate value
for MA(q).
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PACF plot (Figure 2) is truncated at lag 4, suggesting p = 4 as the candidate value for
AR(p).

Parameter Search and AIC Validation:
Based on the ACF/PACF analysis results, the search range for p is set to [3,5] and for q

to [4,6] (to avoid omitting optimal solutions);
All (p,q) combinations are traversed, calculating the AIC value for each combi-

nation (AIC = 2k-2lnL, where k is the number of parameters and L is the maximum
likelihood value):

ARIMA(3,1,4): AIC = 1895.62;
ARIMA(4,1,5): AIC = 1892.36 (minimum);
ARIMA(5,1,6): AIC = 1894.78.
Optimal parameters determined: p = 4, q = 5. Final model: ARIMA(4,1,5).

Model Residual Diagnosis

Following model identification and parameter estimation, the residuals of the
ARIMA(4,1,5) model undergo diagnostic analysis to verify whether the model satisfies the
assumption that residuals constitute white noise

Normality Test

The normality of residuals was analyzed using the Shapiro–Wilk test and Q-Q plots:
Shapiro–Wilk test: The null hypothesis was that “the residuals follow a normal distri-

bution”. The test result yielded a p-value of 0.213 (>0.05), failing to reject the null hypothesis.
This indicates that the residuals conform to a normal distribution.

Figure 3 analysis: The residuals are predominantly distributed along the 45◦ reference
line with no significant deviation, further validating the assumption of normality.

Figure 3. ARIMA model residuals Q-Q plot.
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Randomness (White Noise) Test

The Ljung–Box test was employed to analyze the autocorrelation of residuals, with
the null hypothesis being “residuals exhibit no autocorrelation (white noise)”.

Setting lag orders from 1 to 20, the test results revealed: p-values for all lag orders
were >0.05 (minimum p-value = 0.127), failing to reject the null hypothesis.

The residuals’ autocorrelation function (ACF) plot is shown below:
As shown in Figure 4. The majority of autocorrelation coefficients for all lag orders fall

within the 95% confidence interval, indicating no significant autocorrelation. This confirms
that the residuals exhibit white noise behavior, signifying the model has fully extracted the
sequence information without omitting any underlying patterns.

Figure 4. ARIMA model residuals ACF plot.

Residual diagnostic conclusions: The residuals from the ARIMA(4,1,5) model satisfy
the “normal distribution + white noise” hypothesis. This demonstrates that the model
specification is appropriate, free from systematic bias, and provides a reliable fit.

3.4.2. Prophet

To substitute the data into the Prophet model, the first step is to change the data format.
The average rebar price in the first half of the month becomes the price on the first day of
the month, while the prices for the middle and second half of the month become the prices
on the 15th and the last day of the month, respectively.

Model Principle

The Prophet model is an open-source time series forecasting tool developed by Face-
book. It employs a decomposition framework comprising “trend component + seasonal
component + holiday component”, with the core formula being:

y(t) = g(t) + s(t) + h(t) + ε(t) (2)

where g(t) represents the trend component (segmented linear/logarithmic growth), s(t) de-
notes the seasonal component (capturing periodicity), h(t) signifies the holiday component,
and ε(t) indicates the random error.
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Core Parameter Definitions

The core parameter definitions are shown in Table 3.

Table 3. Parameter definition.

Parameter Definition

1 Growth Trend Type
2 Changepoint_range Search range for trend reversal points

3 Seasonality_mode The manner in which seasonal components
and trend components are combined

4 Seasonality_prior_scale Seasonal Item Weighting
5 Holidays_prior_scale Holiday Weighting
6 Changepoint_prior_scale Trend Breakout Point Weighting

Parameter Settings

This study employs grid search combined with cross-validation for parameter opti-
mization, following the procedure outlined below:

Parameter optimization scope: Establishing appropriate search ranges for the core
parameters of the Prophet model, including:

Objective Function: The objective function aimed to minimize the mean absolute
percentage error (MAPE) across a six-month forecasting horizon. To mitigate the risk of
overfitting, the predictive performance of various parameter combinations was assessed
using five-fold cross-validation. Final Parameter Selection: Through an iterative grid search
process, the optimal set of parameters was identified, as detailed in Table 4. The growth
pattern was designated as “Linear” based on unit root test results, which indicated that
the rebar price time series from 2018 to 2023 exhibited a generally stable linear trend after
the removal of seasonal effects. The seasonal component was modeled as “Multiplicative,”
reflecting the observed positive correlation between the magnitude of seasonal fluctuations
and price levels, whereby seasonal variations intensified during periods of elevated prices.

Table 4. Parameter optimization range.

Parameter Value

1 Growth linear/logistic
2 Changepoint_range 0.6–0.9
3 Seasonality_prior_scale 5–20
4 Changepoint_prior_scale 0.01–0.1
5 Holidays_prior_scale 5–20

The parameter settings are as shown in Table 5.

Table 5. Parameter settings.

Parameter Value

1 Growth Linear
2 Changepoints None
3 N_changepoints Default value
4 Changepoint_range 0.8
5 Yearly_seasonality Auto
6 Weekly_seasonality Auto
7 Daily_seasonality Auto
8 Holidays None
9 Seasonality_mode Multiplicative
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Table 5. Cont.

Parameter Value

10 Seasonality_prior_scale 10
11 Holidays_prior_scale 10
12 Changepoint_prior_scale 0.05
13 Mcmc_samples 0
14 Interval_width 0.8
15 Uncertainty_samples 1000

This study implements the Prophet model based on version 2.0.3, which fully supports
the linear trend fitting, multiplicative seasonal component modeling and outlier processing
functions used in the research.

3.4.3. XGBoost
Model Principle

Extreme Gradient Boosting (XGBoost) is an ensemble learning model based on Gradi-
ent Boosting Decision Trees (GBDT). It minimizes a regularized objective function through
iterative training of weak classifiers (CART trees):

Obj = ∑n
i=1 l(yi, ŷi) + ∑K

k=1 Ω( fk) (3)

Here, l(yi, ŷi) denotes the squared error loss function, Ω( fk) represents the regulariza-
tion term (controlling tree complexity), and K denotes the number of decision trees.

Core Input Feature Description
In this study, the input features for the XGBoost model comprise purely lagged price

features (LaggedPrices). No exogenous variables (such as macroeconomic indicators or
raw material prices) were incorporated, nor was PCA dimensionality reduction applied.
The feature construction logic is as follows:

Feature Definition: Input features comprise historical lagged price points for rebar, i.e.,
predicting the “next time point’s price” using “price data from the preceding n consecutive
time points”. Here, n denotes the number of feature values (range [1,18], corresponding to
1–18 lagged price points).

Construction of the (n_samples × n_features) feature matrix:
Let the original price sequence be P = [p1, p2, . . ., pT] (where T denotes the total

number of samples; in this study, T = 210, corresponding to “beginning, middle, and end of
the month” three-tier granularity data from May 2018 to December 2023);

When the number of features is n, the feature matrix X is a (T − n) × n two-dimensional
matrix (rows = number of samples, columns = number of features), and the target vector
y is a (T − n) × 1 one-dimensional vector (corresponding to the price to be predicted for
each sample);

Construction rules: The i-th row of feature matrix X comprises the prices from the i-th
to the i + n − 1-th time points. The i-th element of target vector y represents the price at the
i + n-th time point.

Illustrative example (n = 3 eigenvalues):
Feature matrix row 1: [p1, p2, p3], corresponding to target value p4 (predicting node

4 price using nodes 1–3).
Feature matrix row 2: [p2, p3, p4], corresponding to target value p5.
Constructed sequentially by sliding, ultimately yielding 198 valid samples (201 − 3 = 198),

with the feature matrix dimension being 198 × 3.
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Core Parameter Definitions

The core parameter definitions are shown in Table 6.

Table 6. Parameter definition.

Parameter Definition

1 Max_depth Maximum depth of decision trees
2 Learning_rate Learning rate
3 N_estimators Number of decision trees
4 Objective Loss function
5 Booster Basic Learning Machine Types
6 Gamma Node split threshold
7 Min_child_weight Leaf node minimum weight
8 Subsample/Colsample_bytree Sample/Feature Sampling Ratio
9 G_lambda L2 regularization coefficient

10 Random_state Random seed

Parameter Settings

Hyperparameter tuning: Employing GridSearchCV grid search, with the parameter
grid detailed in the table below:

Optimization objective: Minimize the validation set root mean square error (RMSE)
for 5-fold cross-validation, ultimately selecting the optimal parameters presented in Table 7.

Table 7. Parameter optimization range.

Parameter Value

1 Max_depth 4, 5, 6, 7
2 Learning_rate 0.1, 0.2, 0.3
3 N_estimators 80, 100, 120

The parameter settings are as shown in Table 8.

Table 8. Parameter settings.

Parameter Value

1 Max_depth 6
2 Learning_rate 0.3
3 N_estumators 100
4 Objective Reg:squarederror
5 Booster Gbtree
6 Gamma 0
7 Min_child_weight 0
8 Bsample 1
9 Isample_bytree 1
10 G_alpha 0
11 G_lambda 1
12 Random_state 42

The XGBoost model in this study adopts version 2.0.3 (compatible with the parameter
configuration above, ensuring stable operation of regularization, parallel training and other
core functions)

3.4.4. LSTM
Model Principle

Long Short-Term Memory (LSTM) networks are an enhancement of Recurrent Neural
Networks (RNNs). They address the vanishing gradient problem through a gating mecha-
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nism comprising input gates, forget gates, and output gates. This enables the capture of
long-term dependencies in sequential data. The core architecture comprises a cell state
(storing long-term information) and gating units (regulating information flow).

Core Parameter Definitions

The core parameter definitions are shown in Table 9.

Table 9. Parameter definition.

Parameter Definition

1 input_size Input feature dimension
2 Hidden_size Number of hidden layer neurons
3 Num_layers Number of LSTM layers
4 Dropout Dropout regularization rate
5 Batch_first Input data format
6 Bias Whether to use a bias term
7 Bidirectional Is it a bidirectional LSTM?
8 Random_state Random seed

Parameter Settings

GridSearchCV was employed to optimize Hidden_size = [32,64,128] and Dropout =
[0.1,0.2,0.3];

Optimization objective: minimizing validation set MAPE. The final parameters are
detailed in the Table 10:

Table 10. Parameter settings.

Parameter Value

1 Dropout 0.1
2 Hidden_size 64
3 Num_layers 1
4 Bias True
5 Batch_first True
6 Bidirectional False
7 Random_state 42

The LSTM network is built using PyTorch 2.0.1 (the framework version corresponding
to the LSTM module), which is compatible with the hidden layer size, dropout rate and
other parameter settings, and avoids gradient vanishing problems in model training.

Input_size, the rolling prediction used in this paper for long-term prediction, the
parameter setting range is [1,18], for different parameter settings to discuss different results.

3.4.5. Transformer
Model Principle

Transformer models leverage self-attention mechanisms to capture long-range tempo-
ral dependencies in parallel without requiring recurrent structures. Their core components
comprise embedding layers, multi-head attention layers, and feedforward neural networks.
In price forecasting, self-attention calculates dependency weights across different time
points to extract multi-scale temporal features.

Core Parameter Definitions

The core parameter definitions are shown in Table 11.
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Table 11. Parameter definition.

Parameter Definition

1 input_size Input sequence length
2 Embedding dimension Embedded dimension
3 Number of attention heads Number of attention heads
4 Hidden dimension of FFN FFN Hidden Layer Dimensions
5 Number of Transformer layers Number of Transformer Layers
6 Random_state Random seed

Parameter Settings

Optimized via five-fold cross-validation Embedding dimension = [32,64], Number of
attention heads = [2,4];

Optimization objective: Minimization of validation set root mean square error (RMSE),
ultimately determining the parameter combination presented in Table 4.

The parameter settings are as shown in Table 12.

Table 12. Parameter settings.

Parameter Value

1 Embedding dimension 64
2 Number of attention heads 4
3 Hidden dimension of FFN 256
4 Number of Transformer layers 3
5 Random_state 42

The Transformer model is implemented based on PyTorch 2.0.1, and the self-attention
mechanism and parallel computing functions required for time series forecasting are stably
supported in this version.

Input_size, the rolling prediction used in this paper for long period prediction, the
parameter setting range is [1,18], for different parameter settings to discuss different results.

3.5. Model Operation Workflow

Program code, training set, test set, and detailed execution results are provided in the
attachment. The model operation analysis process is shown in Figure 5.

Figure 5. Data Analysis and Model Computation Flowchart.
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4. Analysis and Research of the Prediction Results
4.1. Training and Testing Set Partitioning

To guarantee the objectivity and generalizability of the predictive outcomes, a spe-
cialized time series partitioning approach was implemented to prevent data leakage. The
explicit partitioning criteria are as follows: The entire dataset spans from 1 May 2018 to
30 June 2024, encompassing 74 months. This period was segmented into three intervals per
month—beginning, middle, and end—resulting in 204 training samples and 18 test samples.
The training dataset covers the period from 1 May 2018 to 31 December 2023, consisting
of 204 time points (calculated as 6 years × 12 months × 3 segments per month), which
were utilized for model parameter estimation and tuning. The test dataset includes data
from 1 January 2024 to 30 June 2024, comprising 18 time points (6 months × 3 segments
per month), serving as out-of-sample data to assess the model’s predictive performance.
The ratio of training to test data is approximately 11.3:1, consistent with the established
principle in time series forecasting that the training set should encompass a full cycle, while
the test set corresponds to the actual forecast horizon.

4.2. Definition and Implementation Process of Rolling Forecasts

The “rolling forecast” methodology utilized in this study represents a walk-forward
prediction approach within the domain of time series forecasting. Its fundamental concept
is to emulate real-world forecasting conditions by exclusively employing historical data
available at each prediction instance, thereby avoiding any leakage of future information.
The implementation procedure is detailed as follows:

1. The forecast window is defined as one month, corresponding to three discrete time
points (beginning, middle, and end of the month), with a rolling step size of one
time point.

2. The initial training dataset comprises all observations from May 2018 through Decem-
ber 2023. The first prediction involves forecasting the price for early January 2024,
utilizing the most recent n feature values (where n ranges from 1 to 18) extracted from
the training set.

3. For each subsequent time point, the rolling update procedure is applied: after gener-
ating the forecast, the actual observed price is incorporated into the training set, the
earliest historical data point is removed, and the model is retrained to predict the next
time point.

4. This iterative process continues until forecasts have been produced for all 18 time
points spanning January to June 2024, thereby yielding a continuous rolling
forecast sequence.

This rolling forecasting framework is consistently applied across the LSTM, Trans-
former, and XGBoost models, with model-specific training procedures conducted in accor-
dance with their respective parameter configurations.

4.3. Analysis of ARIMA Model Prediction Results

Figure 6 compares the actual prices with those precited with the ARIMA (4,1,5) model.
Figures 7 and 8 show the RMSE, MAE, MAPE, SMAPE and MASE of the ARIMA

models for various prediction durations. After analyzing the above indices,
It can be seen that the ARIMA model yields accurate predictions within a 10-day time

frame over two months. During this timeframe, the model’s predictions remain within an
effective range; however, predictive accuracy deteriorates sharply over longer time spans.
The model’s performance falls below that of a simple forecast, rendering it ineffective.
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Figure 6. Comparation of actual prices with ARIMA’s model predictions.

Figure 7. RMSE, MAE, MAPE, and SMAPE of ARIMA models with different prediction durations.

 
Figure 8. MASE of ARIMA models with different prediction durations.

https://doi.org/10.3390/buildings16050905

https://doi.org/10.3390/buildings16050905


Buildings 2026, 16, 905 23 of 43

4.4. Analysis of the Prophet Model Predictions

The completed Prophet model was simulated in Python. Figure 9 compares the
actual prices with those obtained with the Prophet model. Figures 10 and 11 show the
RMSE, MAE, MAPE, SMAPE and MASE values of the Prophet models with different
prediction durations.

 

Figure 9. Comparation of actual prices with Prophet’s model predictions.

Figure 10. RMSE, MAE, MAPE, and SMAPE of the Prophet models with different prediction durations.

 

Figure 11. MASE of the Prophet models with different prediction durations.
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Analysis of the Model Average Absolute Standard Error (MASE) metric across various
time periods indicates that the model’s accuracy is inferior to simple forecasting, rendering
the model ineffective.

4.5. Analysis of XGBoost Model Prediction Results

The XGBoost model is a machine learning model that employs the original data for
machine learning after rolling prediction. This means that it takes the new prediction value
as the next prediction of the eigenvalue substitution for the next round of prediction. Since
different numbers of eigenvalues will result in different predictions, this paper tentatively
selected the eigenvalues of the data ranging from 1 to 18. Figure 12 compares the actual
prices with those predicted with the XGBoost model when the eigenvalues vary from 1 to
18. Figure 13 illustrates the RMSE, MAE, MAPE, SMAPE and MASE of XGBoost models
with different prediction durations and different eigenvalues.

 

Figure 12. Comparation of actual prices with XGBoost’s model predictions for the eigenvalues
varying from 1 to 18.

 

Figure 13. Cont.
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Figure 13. RMSE, MAE, MAPE, SMAPE and MASE of XGBoost models with different prediction
durations and different eigenvalues.

4.6. Analysis of LSTM Model Prediction Results

The LSTM model falls under the machine learning category within the broader deep
learning framework. The XGBoost model is taken as the rolling prediction method for
prediction. Since different feature values yield different prediction results, feature values
1–18 are selected for prediction to facilitate the comparison between different prediction
models, as presented in Figure 14.

 

Figure 14. Comparation of actual prices with LSTM’s model predictions for the eigenvalues varying
from 1 to 18.

Figure 15 presents the RMSE, MAE, MAPE, SMAPE and MASE values of LSTM models
with different prediction durations and different eigenvalues. As depicted in Figure 10,
different eigenvalues lead to different prediction results, while the change trend of the
prediction accuracy is kept unchanged even when varying the prediction interval. In a few
cases, the prediction accuracy of the change trend and the number of selected eigenvalues
do not have the necessary relationship to improve the prediction accuracy.
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Figure 15. Cont.
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Figure 15. RMSE, MAE, MAPE, and SMAPE of LSTM models with different prediction durations
and different eigenvalues.

4.7. Analysis of Transformer Model Prediction Results

The Transformer model also falls under the category of machine learning models,
specifically in the realm of deep learning models. Since feature values yield different
prediction results, the eigenvalues are varied from 1 to 18 to achieve a fair comparison with
other prediction methods, as shown in Figure 16.

Figure 17 shows the RMSE, MAE, MAPE, SMAPE and MASE values of the Transformer
model with various prediction durations and eigenvalues. Figure 12 shows that the change
trend of the prediction accuracy is almost the same for different prediction lengths and
different numbers of eigenvalues. The fluctuations in prediction accuracy are negligible
and smooth when the eigenvalues vary within the ranges of 1–5 and 12–17.
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Figure 16. Comparation of actual prices with the Transformer model predictions for the eigenvalues
varying from 1 to 18.

 

 

Figure 17. Cont.
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Figure 17. RMSE, MAE, MAPE, SMAPE and MASE of the Transformer model with different prediction
durations and different eigenvalues.

4.8. Predictive Model Screening

This study employs the Mean Absolute Standardized Error (MASE) metric to screen
the established prediction models. Models with MASE > 1, whose accuracy falls below that
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of the naive prediction and are thus deemed invalid, are discarded. The models retained
after screening are as Tables 13 and 14:

Table 13. Models remaining after screening (a).

1 Month 1 Month + 10 Days 1 Month + 20 Days

LSTM5 0.0979 LSTM5 0.0890 LSTM1 0.0838
LSTM18 0.1026 LSTM1 0.0953 LSTM5 0.1049
LSTM1 0.1140 ARIMA 0.1315 Transformer5 0.1687
ARIMA 0.1338 LSTM18 0.1321 LSTM2 0.1773

Transformer5 0.1686 Transformer5 0.1748 LSTM18 0.2021
LSTM2 0.1765 LSTM2 0.1809 Transformer4 0.2057

Transformer4 0.1922 Transformer4 0.2069 Transformer1 0.2061
Transformer1 0.2004 Transformer1 0.2133 ARIMA 0.2095
Transformer7 0.2075 Transformer7 0.2294 Transformer7 0.2341

LSTM15 0.2293 LSTM15 0.2540 LSTM15 0.2558
LSTM10 0.2513 LSTM10 0.2904 LSTM10 0.3120
LSTM3 0.2909 LSTM3 0.3552 LSTM3 0.4064
LSTM8 0.3053 LSTM8 0.3721 LSTM8 0.4644

Transformer14 0.3601 Transformer14 0.4461 Transformer14 0.5121
XGBoost1 0.4134 LSTM16 0.5650 LSTM13 0.6754
LSTM16 0.4383 LSTM13 0.5792 LSTM16 0.7278
LSTM13 0.4652 Transformer10 0.6358 Transformer16 0.7779

Transformer10 0.5087 Transformer16 0.7075 Transformer10 0.7811
Transformer16 0.6057 XGBoost1 0.8004 XGBoost1 0.7913

LSTM11 0.7290 LSTM11 0.8539 XGBoost3 0.9268
LSTM7 0.7609 LSTM7 0.9074 XGBoost4 0.9477
LSTM6 0.7854 LSTM6 0.9578 LSTM11 0.9555

LSTM12 0.8230 LSTM17 0.9708
LSTM14 0.8274 LSTM14 0.9916
LSTM17 0.8325 LSTM12 0.9972

Transformer3 0.8710
LSTM9 0.8718

Transformer8 0.9136
XGBoost3 0.9785

Table 14. Remaining models after screening (b).

2 Month 2 Month + 10 Days 2 Month + 20 Days

LSTM5 0.1050 LSTM5 0.3484 LSTM18 0.8406
LSTM1 0.1131 LSTM18 0.3638 ARIMA 0.9160

Transformer5 0.2183 LSTM1 0.3810 LSTM5 0.9290
LSTM18 0.2317 ARIMA 0.3915 LSTM8 0.9635
LSTM2 0.2337 Transformer5 0.5042 LSTM1 0.9831

Transformer1 0.2499 Transformer1 0.5266 LSTM16 0.9901
ARIMA 0.2551 LSTM2 0.5282

Transformer4 0.2578 Transformer4 0.5443
Transformer7 0.2914 LSTM8 0.5520

LSTM15 0.3067 Transformer7 0.5824
LSTM10 0.3865 LSTM15 0.5889
LSTM8 0.5073 LSTM10 0.6954
LSTM3 0.5130 LSTM16 0.7448

Transformer14 0.6291 Transformer10 0.7649
XGBoost4 0.7982 LSTM3 0.8560
LSTM13 0.8234 XGBoost4 0.9423
LSTM16 0.8497 Transformer14 0.9787

Transformer10 0.8744
Transformer16 0.8901

XGBoost3 0.8985
XGBoost2 0.9992
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4.9. Ranking of the Prediction Result Accuracy

Following the screening process outlined in the preceding section, the remaining mod-
els were ranked. This study employed Z-score standardization to normalize five metrics,
including RMSE and MAE. The standardized scores were then aggregated, and the final
ranking was determined in ascending order of the cumulative scores. The resulting ranking
is as Table 15:

Table 15. Ranking of model prediction accuracy for different time intervals.

Times Predictive
Accuracy (1st)

Predictive
Accuracy (2nd)

Predictive
Accuracy (3rd)

Predictive
Accuracy (4th)

Predictive
Accuracy (5th)

1month LSTM18 LSTM5 LSTM1 ARIMA Transformer5
1 month + 10 days LSTM18 LSTM5 LSTM1 ARIMA Transformer5
1 month + 20 days LSTM5 LSTM18 LSTM1 ARIMA LSTM2

2 month LSTM5 LSTM18 LSTM1 Transformer5 ARIMA
2 month + 10 days LSTM18 LSTM5 ARIMA ARIMA Transformer5
2 month + 20 days LSTM5 LSTM18 ARIMA LSTM1 LSTM2

As shown in Table 5, the LSTM model with a certain number of eigenvalues achieves
the best long-term prediction effect among the other prediction models.

4.10. Predictive Model Stability Assessment

Building upon the previous section’s simulation, we examined the stability of the top
five models ranked by prediction accuracy during their effective forecasting period. The
stability metric selected for this study was coefficient of variation (CV), with the results
presented in Table 16:

Table 16. Stability test results.

Prediction Interval for CV < 0.3 CV

LSTM1 2 months 0.14
LSTM2 2 months 0.19
LSTM5 2 months 0.04

LSTM18 1 month + 10 days 0.13
Transformer5 2 months 0.16

ARIMA 1 month + 10 days 0.01

5. Study of Combinatorial Prediction Models
Combination prediction models combine different forecasting models by utilizing a

weighted average of various information sources, thereby enhancing overall prediction
accuracy. The overview of the prediction results for the above models indicates the excellent
ability of the Prophet model in accurately predicting long-term price trends. Most of the
prediction results of the Prophet and ARIMA models are smaller or larger than the actual
value, which can be combined with their short-term predictions to improve the accuracy of
the prediction model.

Let yt, ŷt be the actual and predicted values at time t, and Ei be the sum of the
differences between the true and predicted values.

Ei =
n

∑
t=1

(yt − ŷt) (4)

Figures 18 and 19 compare the actual prices with those predicted by the ARIMA and
Prophet models, respectively. Figure 20 compares their corresponding residuals.
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Figure 18. ARIMA model fitting.

 

Figure 19. Prophet model fitting.

 

Figure 20. Residual distributions of the ARIMA and Prophet models.
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The Durbin–Watson test was employed to validate the independence of errors in
ARIMA and Prophet models: the DW value for ARIMA residuals was 1.92, while that for
Prophet residuals was 1.87, both approaching 2. This indicates the absence of autocorrela-
tion in the residuals, permitting further investigation.

Eprophet ≥ Earima ≥
1
2
(Eprophet + Earima) (5)

The weights are determined using the inverse residual method. The principle of the
inverse residual method is that the higher the accuracy of the model prediction, the lower
the residual value and the higher the weight value.

Calculation of residual absolute values

eit = |yt − ŷit| (6)

eit: The absolute residual of the i th individual model at time t; ŷit: The predicted value
of the i th model.

Determination of Model Weights:

ωi =
1/∑T

t=1 eit

∑m
j=1 (1/∑T

t=1 ejt)
(7)

ωi: Weight of the i-th individual model; T: Number of time points in the training set;
m: Number of individual models in the ensemble model (in this study, m = 2, i.e., ARIMA
and Prophet).

Combination Prediction Value Calculation:

ŷ∗t = ∑m
i=1 ωi ŷit (8)

ŷ∗t : The price predicted by the combination model at time t.
The calculated weights were obtained as warima = 0.651, wprophet = 0.349.
Table 17 and Figure 21 show the predicted results obtained after weighting using the

inverse residual method.

 

Figure 21. Prediction results of the actual price, ARIMA, Prophet, and combinational model I.

https://doi.org/10.3390/buildings16050905

https://doi.org/10.3390/buildings16050905


Buildings 2026, 16, 905 35 of 43

Table 17. Prediction results obtained with the ARIMA, Prophet, and combinational model I.

Times Price ARIMA Prophet Combinational Model I

Jan-2024-early 4332.75 4322.19 3806.02 4170.53
Jan-2024-mid 4313.33 4328.07 3724.71 4150.79
Jan-2024-late 4321.82 4329.38 3823.65 4180.79

Feb-2024-early 4326.82 4316.59 3763.15 4153.98
Feb-2024-mid 4335.85 4293.14 3763.94 4137.66
Feb-2024-late 4314.07 4274.51 3816.68 4140.00

Mar-2024-early 4174.83 4273.89 3838.43 4145.94
Mar-2024-mid 3914.33 4290.00 3824.59 4153.25
Mar-2024-late 3873.33 4309.31 3802.81 4160.49

Apr-2024-early 3829.67 4319.08 3723.33 4144.04
Apr-2024-mid 3942.00 4317.60 3719.17 4141.77
Apr-2024-late 3991.50 4312.32 3687.33 4128.69

May-2024-early 3985.50 4309.91 3760.51 4148.49
May-2024-mid 3978.66 4309.78 3748.09 4144.75
May-2024-late 3983.64 4306.88 3645.46 4112.55
Jun-2024-early 3828.66 4299.41 3630.70 4102.93
Jun-2024-mid 3760.33 4291.94 3539.63 4070.90
Jun-2024-late 3719.97 4291.01 3469.34 4049.60

Table 18 shows the prediction accuracy indices of the combined model for a six-month
prediction interval.

Table 18. Prediction accuracy indices of the ARIMA, Prophet, and combinational model I in a
six-month interval.

ARIMA Prophet Combinational Model I

RMSE 331.5023 366.1228 213.5824
MAE 265.2256 324.4185 199.4251

MAPE 0.0682 0.0783 0.0500
SMAPE 0.0648 0.0823 0.0491

The MASE values for Model I across various time periods are examined, with the
results presented in the table:

As shown in Table 19, the combined model enhances forecasting accuracy in long-term
price projections. However, the MASE values exceed 1 across all time periods in the MASE
metric assessment, indicating an ineffective model requiring further refinement.

Table 19. MASE detection values at different time intervals.

Times MASE

1 month 1.8960
1 month + 10 days 1.9497
1 month + 20 days 2.0438

2 month 2.0574
2 month + 10 days 1.8139
2 month + 20 days 1.9519

3 month 2.1246
3 month + 10 days 2.2961
3 month + 20 days 2.3091

4 month 2.2563
4 month + 10 days 2.2359
4 month + 20 days 2.2210

5 month 2.1779
5 month + 10 days 2.2511
5 month + 20 days 2.3418

6 month 2.4353
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The ARIMA model demonstrates sound predictive accuracy for short-term forecasting
(covering intervals of two months or less). Consequently, data within a two-month horizon
is forecasted using the ARIMA model without employing the composite model. By com-
bining the ARIMA model’s short-term forecasting capability with the composite model’s
long-term forecasting capability, the initial two months’ price forecasts directly utilize the
ARIMA model’s predictions, with subsequent periods employing the composite model’s
forecasts. This forms the basis for constructing composite forecast model II, yielding the
following results:

Table 19 and Figure 22 compare actual prices with the forecast results from the ARIMA
model, the Prophet model, and Combined Model II.

 

Figure 22. Prediction results of the actual price, ARIMA, Prophet, and combinational model II.

Table 20 compares the prediction accuracy indices of the ARIMA, Prophet, Combina-
tional model I, and Combinational model II in a six-month interval.

Table 20. Prediction results of the ARIMA, Prophet, and Combinational model II.

Times Price ARIMA Prophet Combinational Model II

Jan-2024-early 4332.75 4322.19 3806.02 4322.19
Jan-2024-mid 4313.33 4328.07 3724.71 4328.07
Jan-2024-late 4321.82 4329.38 3823.65 4329.38

Feb-2024-early 4326.82 4316.59 3763.15 4316.59
Feb-2024-mid 4335.85 4293.14 3763.94 4293.14
Feb-2024-late 4314.07 4274.51 3816.68 4274.51

Mar-2024-early 4174.83 4273.89 3838.43 4145.942
Mar-2024-mid 3914.33 4290.00 3824.59 4153.254
Mar-2024-late 3873.33 4309.31 3802.81 4160.492

Apr-2024-early 3829.67 4319.08 3723.33 4144.04
Apr-2024-mid 3942.00 4317.60 3719.17 4141.774
Apr-2024-late 3991.50 4312.32 3687.33 4128.69

May-2024-early 3985.50 4309.91 3760.51 4148.491
May-2024-mid 3978.66 4309.78 3748.09 4144.747
May-2024-late 3983.64 4306.88 3645.46 4112.547
Jun-2024-early 3828.66 4299.41 3630.70 4102.93
Jun-2024-mid 3760.33 4291.94 3539.63 4070.902
Jun-2024-late 3719.97 4291.01 3469.34 4049.595
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The MASE values for Model 2 across various time periods are examined, with results
presented in the Table 21:

Table 21. MASE detection values at different time intervals.

Times MASE

1 month 0.1338
1 month + 10 days 0.1316
1 month + 20 days 0.2096

2 month 0.2551
2 month + 10 days 0.2691
2 month + 20 days 0.6002

3 month 0.9231
3 month + 10 days 1.2147
3 month + 20 days 1.3261

4 month 1.3552
4 month + 10 days 1.4040
4 month + 20 days 1.4486

5 month 1.4570
5 month + 10 days 1.5752
5 month + 20 days 1.7057

6 month 1.8345

By examining the Mean Absolute Standard Error (MASE) metric of Combination
Model 2 across various time periods, its predictive accuracy extends to three months,
rendering it suitable for forecasting quarterly rebar prices.

Assessing the stability of predictive models. The results are shown in Table 22.

Table 22. Stability test results.

Prediction Interval for CV < 0.3 CV

Combinational model II. 1 month + 20 days 0.299

Although the composite model II outperforms the standard model in terms of predic-
tion accuracy, its stability is less than ideal.

6. Discussion of Research Findings and Recommendations for
Practical Application
6.1. A Comprehensive Comparative Analysis of Five Predictive Models

Utilizing the previously specified evaluation metrics for predictive accuracy (including
RMSE, MAE, MAPE, SMAPE, and MASE) alongside stability assessment via the coefficient
of variation (CV), a comprehensive comparative analysis of five models—namely ARIMA,
XGBoost, Prophet, LSTM, and Transformers—is performed. This comparison is structured
across four key dimensions: applicable scenarios, principal advantages, inherent limitations,
and optimal parameter configurations. The resulting analysis elucidates the operational
scope and contextual applicability of each modeling approach. The analysis results are
shown in Table 23.

Supplementary Note: In terms of overall accuracy and stability, the LSTM model ex-
hibited notable predictive accuracy for short-term price forecasting when applied to specific
feature values. The ARIMA model provided the most cost-efficient approach for forecasts
with a horizon of up to two months. Additionally, Combined Model II (ARIMA + Prophet)
utilized a hybrid strategy integrating short-term ARIMA predictions with long-term trend
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analysis, thereby effectively addressing both quarterly price forecasting and extended price
trend evaluation.

Table 23. Model Advantages, Limitations and Applicable Scenarios.

Advantages Shortcomings Use Cases

ARIMA
High accuracy in short-term

forecasting, low computational
cost, and strong interpretability.

Long-term forecast accuracy
deteriorates rapidly

Short-term stable market
price forecast

Prophet

Strong ability to capture
long-term trends, robust against

outliers/missing values, and
easily adjustable parameters

Large short-term
absolute error

Forecasting
Ultra-Long-Term Trends

XGBoost

Short-to-medium term
non-linear fitting with superior

performance, robust noise
resistance, and support for

regularization to
prevent overfitting.

Insufficient long-term
stability, requiring manual

construction of
lagged features

Short-term stable market
price forecastLSTM Medium-to-long term reliance

on capturing strong

High computational cost,
complex parameter tuning,
and poor interpretability

Transformers

Capturing multi-scale
dependencies with high
efficiency and parallel
computing capabilities

High data requirements,
time-consuming training,

and susceptibility to
overfitting with
small samples.

6.2. Practical Recommendations for Construction Professionals Regarding Material
Cost Estimation

Drawing upon the results of the rebar price forecasting case study, this paper proposes
practical recommendations for material price estimation tailored to various stakeholders,
including construction enterprises, project departments, and procurement personnel:

For short-term forecasting (up to 2 months, such as emergency procurement or monthly
replenishment), the ARIMA model is recommended. This approach requires minimal
computational resources, generates rapid predictions based solely on historical price data,
and demonstrates low prediction error (e.g., 1-month RMSE = 11.34). Consequently, it
effectively supports immediate procurement decisions by mitigating cost increases arising
from minor price fluctuations.

For medium-term forecasting (3 to 6 months, encompassing quarterly procurement
planning and project schedule cost control), the use of Combination Model II or Long
Short-Term Memory (LSTM) models is advised, contingent upon the availability of feature
value comparisons. Combination Model II offers a balance between short-term accuracy
and long-term trend representation, thereby fulfilling quarterly forecasting requirements.
Meanwhile, LSTM models are particularly suitable during periods of heightened market
volatility, as they capture non-linear price dynamics and enhance estimation reliability.

For long-term forecasting (6 months or longer, such as project initiation and annual
budgeting), a hybrid strategy combining Prophet trend forecasting with Combination
Model II refinement is recommended. The Prophet model effectively identifies subtle
long-term trends, providing a foundational reference for extended cost frameworks. Subse-
quently, Combination Model II adjusts for short-term fluctuations, ensuring that estimates
remain consistent with overarching trends while minimizing short-term prediction errors.
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6.3. Practical Recommendations for Data Processing and Parameter Configuration

Data Preparation: It is essential to prioritize data obtained from official and author-
itative sources, such as the Guangdong Provincial Construction Engineering Materials
Price Monitoring System. To capture detailed fluctuations while minimizing routine noise,
data granularity should be structured using a three-tier averaging method correspond-
ing to the beginning, middle, and end of each month, following the removal of outliers.
Any missing data points should be addressed through linear interpolation to maintain
temporal continuity.

Parameter Optimization: In the application of XGBoost, it is advisable to select between
one and four features, specifically historical price lag terms, as incorporating an excessive
number of features may lead to model overfitting and compromise stability. For LSTM and
Transformer models, GridSearchCV should be employed to optimize key hyperparameters;
for instance, an LSTM configuration with a hidden size of 64 and a dropout rate of 0.1
has been identified as optimal to prevent accuracy degradation resulting from suboptimal
parameter settings. When utilizing ensemble models, manual adjustment of weights is
unnecessary. Instead, the “inverse residual method” can be applied to automatically
determine the weighting between ARIMA and Prophet models—approximately 0.7 for
ARIMA and 0.3 for Prophet—thereby facilitating complementary error correction.

6.4. Recommendations for Risk Control and Cost Optimization

Dynamic Forecast Updates: Implement a rolling forecast approach, characterized
by periodic updates of historical data (e.g., on a monthly basis) and subsequent model
retraining. During intervals of pronounced market volatility—such as spikes in raw mate-
rial prices or regulatory changes—the frequency of forecast revisions should be increased
to ensure timely adjustments. This practice aims to mitigate the risk of cost overruns
associated with reliance on static estimates.

Multi-Model Cross-Validation: For pivotal procurement decisions, such as annual
bulk acquisitions, concurrently utilize two to three predictive models (for example, ARIMA,
LSTM, and a combined hybrid model). When the variance among these models remains
within a 5% threshold, the average forecast may be adopted directly. Conversely, if discrep-
ancies exceed 10%, forecasts should be manually refined by integrating relevant market
indicators—such as iron ore price trends and infrastructure policy developments—to reduce
estimation uncertainty.

Cost Lock-in Strategy: Informed by forecast results, secure pricing during periods of
market troughs through long-term contractual agreements and bulk purchasing arrange-
ments. For projects with medium- to long-term horizons, incorporate anticipated price
fluctuation margins (e.g., ±200 yuan per tonne over a six-month forecast window) into
budgetary provisions. This strategy serves to safeguard projects against financial losses
stemming from unforeseen price escalations.

7. Conclusions
This study utilizes five distinct models to predict rebar prices, with predictive results

informed by an analysis of model characteristics that elucidate the unique attributes of each
forecasting approach, thereby facilitating the development of models with improved pre-
dictive accuracy. The ARIMA model exhibits strong performance in short-term forecasting
but demonstrates diminished effectiveness over longer horizons. Conversely, the Prophet
model effectively captures long-term price trends, albeit with notable bias. Specifically,
ARIMA tends to overestimate mean values in long-term forecasts, whereas Prophet tends to
underestimate them. These complementary tendencies suggest the viability of integrating
both models into a combined forecasting framework, a hypothesis supported by residual
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analysis. The resultant hybrid model significantly enhances long-term forecasting accuracy.
While ARIMA remains superior for short-term predictions, the combined model further
refines medium- to long-term forecast precision.

The XGBoost, LSTM, and Transformer models display analogous fluctuations in
predictive accuracy as a function of feature selection and forecast horizon. For XGBoost,
selecting between one and four features yields relatively high accuracy. The relationship
between feature count and accuracy in LSTM models is more complex; however, certain
features markedly improve performance, enabling LSTM to outperform other models
consistently in cross-model comparisons. Transformer models show stable accuracy trends
when features are selected within ranges of 1–5 and 12–17, with greater variability observed
between 5 and 12 features.

The identified patterns provide valuable insights for the selection, development, and
refinement of machine learning models in rebar price forecasting. Future research will
investigate the underlying drivers of these patterns through comprehensive analyses of
prediction errors under varying conditions across models. Additionally, further machine
learning models will be incorporated for comparative evaluation, and parameter tuning
will be employed to optimize each model, thereby enhancing the efficacy of machine
learning applications in this domain.

This investigation systematically compares five representative models—ARIMA,
XGBoost, Prophet, LSTM, and Transformer—in the context of steel rebar price forecasting.
Through rigorous data analysis, model construction, performance validation, and ensem-
ble optimization, the study delivers scientifically robust and practically relevant findings,
offering multidimensional theoretical foundations and actionable guidance.

The principal contributions of this research are as follows: First, a two-stage hybrid
model (Combination Model II) based on a residual complementarity mechanism was
developed, integrating the strengths of ARIMA and Prophet via residual inversion to syner-
gistically combine short- and long-term forecasting capabilities. Over a six-month horizon,
this model improved core accuracy metrics by more than 70% relative to ARIMA and over
90% relative to Prophet, establishing a replicable methodology for model fusion. Second,
the study elucidates the influence of feature selection on model performance, clarifying how
different feature selection strategies affect forecasting accuracy and providing a reference
framework for constructing rolling time series forecasting models. Third, a multidimen-
sional evaluation framework was established by combining the Mean Absolute Scaled
Error (MASE) and Coefficient of Variation (CV), delineating the applicability boundaries of
the three model categories and offering a scientific basis for model selection.

This research offers precise decision support for steel bar procurement in construc-
tion and related industries. Specifically, construction firms can tailor model application
according to forecast horizons: ARIMA for short-term (≤2 months), Ensemble Model II or
LSTM for medium-term (3–6 months), and Prophet combined with Ensemble Model II for
long-term (≥6 months) forecasts. This approach can be extended to other markets such as
cement and concrete, potentially reducing procurement costs for construction materials.

The study advances the fields of time series forecasting and ensemble modeling by
validating the feasibility of residual complementarity between ARIMA and Prophet, thereby
introducing a novel perspective on model fusion. It also establishes a correlation mechanism
between feature selection and predictive performance from a data input standpoint, refining
feature engineering theory. Furthermore, it constructs a comprehensive multi-model
comparison framework that clarifies core differences among models and provides empirical
support for model selection theory.

The proposed modeling framework demonstrates high applicability: data are sourced
from authoritative official platforms with straightforward preprocessing; ARIMA requires
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minimal operational complexity; optimal parameters for XGBoost, LSTM, and other meth-
ods are clearly defined and reusable; moderate sample sizes suffice for training; and
combined model weights are allocated automatically, ensuring manageable human and
computational resource demands. Consequently, enterprises with varying levels of techni-
cal expertise can adapt and implement the approach effectively.

The study acknowledges five limitations: (1) data are limited to a single steel bar
specification within Guangdong Province, necessitating validation of cross-regional and
cross-specification generalizability; (2) input variables are restricted to steel bar prices from
selected periods, excluding external influencing factors; (3) the focus on six-month forecasts
limits robustness for longer horizons and extreme scenarios; (4) the long-term stability of
Combination Model II is insufficient, with real-time update efficiency and computational
costs yet to be optimized; and (5) the volume of forecast data is insufficient for conducting
significance testing.

Future work will address these limitations by: (1) expanding data dimensions and
scope to include multi-regional, multi-specification datasets and external variables; (2)
optimizing model architectures through attention mechanisms and reinforcement learning;
(3) extending research on long-term and extreme scenario forecasting with larger datasets;
(4) developing lightweight algorithms and visualization platforms to facilitate engineering
applications; and (5) advancing cross-domain transfer learning to establish a universal
framework for commodity price forecasting.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/buildings16050905/s1, Includes the price data utilised in this paper.
Model code and operational analysis results.
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