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Abstract

The logistics industry serves as a vital engine for economic growth, yet its prosperity is
influenced by complex and dynamic factors. Accurate forecasting of the Logistics Industry
Prosperity Index (LPI) is essential for optimizing resource allocation, enhancing operational
efficiency, and mitigating potential risks, thereby supporting sustainable development and
digital transformation. However, existing forecasting models often struggle with flexibility,
interpretability, and handling complex nonlinear data. To address these challenges, this
study proposes an innovative prediction framework based on the CatBoost algorithm and
constructs an end-to-end prediction process integrating Bayesian optimization for hyper-
parameter tuning and a multidimensional evaluation system. The proposed framework
is validated using a unique multidimensional dataset comprising 12 key indicators from
Lanzhou City, China, spanning January 2022 to March 2025. Empirical results demonstrate
that the CatBoost model significantly outperforms traditional and other machine learn-
ing approaches, including ARIMA, SVM, and XGBoost, achieving an R? of 0.963 and a
MAPE of 0.001%. From a theoretical perspective, this study enriches logistics prosperity
forecasting and early-warning methodologies by introducing a highly accurate and robust
learning-based framework. From a practical perspective, it provides governments and
logistics enterprises with a reliable, data-driven tool for real-time decision support, strategic
planning, and proactive risk management.

Keywords: logistics industry prosperity index (LPI); CatBoost; machine learning; sustainable
decision-making; forecasting

1. Introduction

China’s economy now stands at a pivotal turning point, transitioning decisively from
rapid expansion towards high-quality development. Driving industrial structure opti-
mization and boosting economic efficiency has consequently surged to the forefront for
governments at all levels, enterprises, and the public. Against this profound macroe-
conomic backdrop, the logistics industry—often hailed as the “goldmine at the feet of
enterprises”—has powerfully emerged as a vital new growth engine. By masterfully
integrating resources, optimizing allocation, and creating substantial value, it unlocks
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significant profits for major corporations and serves as a foundational pillar supporting the
national economy’s stability.

The Logistics Industry Prosperity Index (LPI), serving as the sector’s essential “barom-
eter,” meticulously tracks 12 critical sub-indices spanning total business volume, workforce
size, and new orders. As the industry becomes increasingly complex and susceptible to
global fluctuations, the ability to accurately forecast the LPI is of paramount importance.
Reliable forecasting provides a forward-looking perspective that enables stakeholders to an-
ticipate market shifts rather than merely reacting to them. It acts as a crucial informational
tool that bridges the gap between current operational data and future strategic planning,
ensuring that the industry remains resilient in the face of economic volatility.

Research into LPI forecasting methods carries immense practical significance for
steering government macroeconomic policy, optimizing resource allocation, and proactively
mitigating potential risks. For government bodies, precise predictions are necessary to
formulate supportive regulations and infrastructure plans that align with future demand.
For enterprises, forecasting is indispensable for inventory management, capital investment,
and maintaining competitive advantages. Without accurate predictive capabilities, the
industry risks resource wastage and operational inefficiencies, which are detrimental to the
goal of sustainable development. Therefore, developing robust forecasting mechanisms
is not just an academic exercise but a fundamental necessity for the long-term health and
sustainability of the entire logistics ecosystem.

In response to the problems of poor model flexibility and weak interpretability in
current LPI prediction, this paper proposes an innovative method based on the CatBoost
algorithm. While existing models often struggle with non-linear shocks and complex
time-series data, this study leverages CatBoost’s unique advantages—such as ordered
boosting and symmetric tree structures—to alleviate gradient bias and overfitting. By
constructing an end-to-end prediction process that integrates Bayesian optimization and a
multi-dimensional evaluation system, we aim to provide a highly accurate and reliable de-
cision support tool. This study aims to demonstrate that the proposed framework not only
outperforms traditional methods but also provides the scientific rigor required to support
the high-quality development and digital transformation of the modern logistics industry.

Research on forecasting within the logistics industry has evolved significantly over
the past decade. Huang et al. presented a development prediction and dynamic analysis of
the modern logistics industry in Henan Province by applying a group of grey predictive
models and buffer operators. Their results indicated that the modern logistics industry in
Henan Province experienced steady growth [1]. Extending this scope to the national level,
Xu et al. focused on demand forecasting for the Chinese logistics industry, introducing a
novel adaptive grey model to address time-critical prediction accuracy issues. Comparative
analysis concluded that the proposed model outperformed other methods in short-term
forecasting [2]. Similarly, Guo and Li forecasted carbon emissions in the regional logistics
industry. By comparing the traditional GM(1,N) model, a GM(1,N) model with background
value optimization, and a GM(1,N) model with expression optimization, they found that
the latter exhibited superior performance [3]. In line with environmental objectives, Chen
et al. predicted carbon emission levels in China’s logistics industry using a PSO-SVR
model to achieve the “dual carbon” goals. They employed grey relational analysis to
screen influencing factors and utilized the particle swarm optimization (PSO) algorithm
to optimize the penalty coefficient and kernel function parameters of the support vector
regression (SVR) model. The study demonstrated that the proposed PSO-SVR model
is effective for achieving “dual carbon” targets and upgrading the logistics industry [4].
Furthermore, in the context of the new era, Wen et al. predicted the development trend
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of the “Internet Plus” logistics industry under the “Belt and Road” strategy, providing
insights that adjusted strategic approaches and development directions [5].

Existing forecasting models in the Logistics Performance Index (LPI) field primarily
employ two technical approaches: traditional statistics and machine learning. Regard-
ing traditional statistical models, d’Aleo et al. utilized an explanatory linear regression
framework to investigate the mediating role of the LPI in the relationship between the
Global Competitiveness Index (GCI) and gross domestic product (GDP) across European
countries from 2007 to 2014 [6]. Marti et al. proposed a method based on data envelopment
analysis (DEA) to construct a comprehensive composite logistics performance indicator
(DEA-LPI), enabling benchmarking and comparative evaluation of logistics performance
among countries within the LPI system [7]. Vishal et al. integrated expert opinions with
the fuzzy ISM-MICMAC approach to identify logistics performance indicators critical to
economic development, thereby establishing a logistics-oriented framework for under-
standing and forecasting future economic performance [8]. Hanif et al. applied a vector
autoregression (VAR) model to examine dynamic time-series relationships between mod-
ern logistics development and economic growth, capturing both short-term fluctuations
and long-term trends [9]. Hasan et al. argued that the relative importance and centrality
of the six LPI dimensions had not been sufficiently examined from a global perspective;
consequently, they employed network analysis (NA) to model interdependencies among
indicators, identifying the core and most influential components of the LPI system [10].

In the domain of machine learning, researchers have introduced more sophisticated
algorithms to enhance predictive performance. Qazi et al. investigated the temporal depen-
dencies among the six LPI dimensions using a Bayesian Belief Network (BBN), effectively
capturing probabilistic and time-dependent relationships between indicators and achiev-
ing a prediction accuracy of 88.1% [11]. Jonasikové et al. combined time-series analysis
with clustering techniques to assess the evolution of LPI from 2007 to 2022, providing
informative performance indicators to support logistics system management and decision-
making [12]. Shepherd et al. evaluated the capability of machine learning algorithms to
predict LPI by leveraging a large-scale dataset of national socioeconomic characteristics;
their results demonstrated that the best-performing model explained nearly 90% of the
observed variation in LPI and achieved prediction errors within 6% on unseen data [13].
Babayigit et al. applied multigene genetic programming (MGGP), an emerging machine
learning technique, to rank countries according to LPI, highlighting its ability to generate
both linear and nonlinear predictive models and support the adaptive prioritization of
logistics indicators [14]. Roy et al. proposed a two-stage methodological framework in
which K-means clustering was first employed to partition LPI datasets into a finite number
of homogeneous clusters, followed by the application of multivariate adaptive regression
splines (MARSSs) to capture complex nonlinear relationships between LPI dimensions and
key macroeconomic variables [15]. Jomthanachai et al. employed both linear and non-linear
machine learning algorithms to predict logistics performance. The artificial neural network
performed best and provided precise trend forecasting [16]. Baydar et al. examined the
relationships among logistics performance, environmental degradation, and economic
growth across 38 OECD countries using ensemble machine learning models, including
random forest (RF), extreme gradient boosting (XGBoost), and Light Gradient Boosting
Machine (LightGBM). Their results indicated that LPI prediction depends largely on eco-
nomic growth variables, followed by trade openness [17]. Finally, Jahana et al. conducted a
comprehensive analysis of prosperity indicators across European countries using hierar-
chical clustering, identifying distinct social, economic, and environmental clusters, with
interpretations supported by global indices and comparative analysis [18].
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Compared to other methods, the CatBoost algorithm, developed by Prokhorenkova
et al. in 2017, is specifically designed for classification and regression tasks and demon-
strates unique advantages in multi-domain prediction scenarios [19]. In the medical field,
Zhang et al. utilized the CatBoost algorithm to identify depression in middle-aged and
elderly populations [20], and Kuo et al. developed a feline infectious peritonitis diagnosis
system using the same algorithm [21]. Meanwhile, from an engineering perspective, Guo
et al. applied the CatBoost algorithm to predict indoor PM2.5 concentrations [22].

In summary, the existing literature illustrates a clear evolutionary trajectory in logistics
industry forecasting, transitioning from early applications of grey prediction models and
traditional statistical techniques—such as linear regression and DEA—to advanced ma-
chine learning algorithms capable of capturing nonlinear and dynamic relationships. While
traditional methods have established a solid foundation for understanding logistics devel-
opment and economic linkages, recent studies increasingly favor sophisticated machine
learning approaches like BBN, SVR, and ensemble models to achieve higher prediction
accuracy and address complex issues such as carbon emissions and LPI ranking. Notably,
the CatBoost algorithm has emerged as a particularly powerful tool across various domains,
demonstrating superior performance in classification and regression tasks. These findings
suggest that integrating advanced algorithms like CatBoost into logistics research holds
significant promise for enhancing predictive precision and supporting strategic decision-
making in a rapidly evolving industry landscape. Building on this foundation, this study
achieves a groundbreaking advancement in logistics industry prosperity index forecasting
by pioneering the application of CatBoost models and establishing an end-to-end prediction
framework. The dataset comprises logistics-related indicators from Lanzhou City over the
past three years, with Bayesian optimization automatically fine-tuning hyperparameters
to generate predictions. Comparative experiments with conventional models, including
ARIMA, SVR, and XGBoost, demonstrate the framework’s superiority across multiple
dimensions, including prediction accuracy, generalization capacity, and interpretability.

2. Methodology

In model construction, CatBoost employs a decision tree (decision stump) as its learn-
ing unit, using the gradient descent algorithm to iteratively optimize loss functions such as
Mean Squared Error (MSE) to minimize the deviation between predicted values and actual
values. To further enhance the generalization ability, CatBoost introduces L1 (Lasso) and
L2 (Ridge) regularization methods [23]. By adding a penalty term to the loss function to
constrain the model complexity, it ensures the fitting accuracy while suppressing the risk
of overfitting. Figure 1 [24] illustrates the architecture diagram of this algorithm.

CatBoost is particularly well-suited for forecasting the LPI primarily due to its ordered
boosting mechanism, which effectively mitigates prediction shift and overfitting—a critical
advantage when dealing with the limited time-series datasets typical in regional economic
forecasting. Unlike standard gradient boosting methods, CatBoost utilizes symmetric
(oblivious) tree structures, which serve as a natural form of regularization, leading to more
balanced decision trees that generalize better and are less prone to overfitting on small
samples. Furthermore, the algorithm natively handles categorical features without exten-
sive preprocessing, preserving the integrity of mixed-type logistics indicators and reducing
information loss. This combination of robustness against overfitting, efficient handling of
diverse data types, and strong generalization capabilities makes CatBoost a superior choice
over equivalent algorithms for the complex, nonlinear task of LPI prediction.

The specific steps are as follows.

1. Initialization

(1) Input: Training data {D}.
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Figure 1. Schematic diagram of CatBoost model.

(2) Parameter: T: Increase the number of iterations (number of trees in the final model).
Lambda: L2 regularization coefficient.

(3) Initial prediction: Set an initial constant prediction value for all samples, usually the
global mean of the target variable:

0 _ 1 ¢
757 ==Yy
i=1

2. Order improvement and unbiased gradient calculation (for the tth to Tth itera-
tion loop).

(1) Calculate the gradient (residual) for each instance i in the sample, the residual for
each instance i is the difference between the true value y; and the predicted value ¥,

oL(y;, 9! -
gt = MU I ) (i) M

L

In Equation (1), gl.(t) represents the gradient (or residual) at the i-th data point in the

t-th boosting iteration; y; denotes the true target value of the i-th data point; }Afftfl) is the

(t=1)

predicted value by the model in previous boosting iterations; L(y;, §;° ') indicates the

loss function.

(2) Calculate the Hessian matrix for each sample i, which is used to update model param-
eters.

The Hessian matrix captures the curvature characteristics of the loss function, enabling
more precise adjustments to the model. For regression models using the mean squared
error (MSE) loss function, the Hessian matrix values for each sample remain constant and
equal to 1.

nbs) _ PL(y, 51 ") _
LAty

i

@

In Formula (2), the Hessian matrix represents the second derivative of the loss function

A(t-1), h(t)

with respect to the predicted value §;" ’; h;” is the Hessian matrix (second derivative)

of the loss function. The function L(y,, ¥;) represents the prediction result of the i-th
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(t=1)
i
predicted value of the previous boost round in the random iteration, where s is the number

data point at the t-th promotion round and the s-th random iteration; § represents the

of iterations.
3. Model construction and update

(1) Use the features of the full training data {D} as input.
(2) Take the unbiased gradient obtained in the previous step as the target value and
follow the standard split gain formula:
2 2 2
1| (KieL8) (Yier 81) (Xier &)

Gain == + _ 3
2| Yierhi+A  Yierhi+A  Yiephi+A ®)

To fit these gradients, CatBoost f; typically uses symmetric trees (Oblivious Trees) as
the base learning unit to build a new decision tree.

(3) Calculate the output value of “j” each leaf node in the decision tree:
t
t ZiEIj g1( )

L . @
: ZiEI]‘ hl(t> +/\

Among them, I; represents the index set of instances in leaf j; A is the regularization
parameter.

(4) Model update

. A (t-1
71 =9V fi () (5)
Among them, 1 represents the learning rate, yi(t) is the current predicted value of the
model for sample i after the t-th iteration, and fi(x;) represents the output value of leaf

node j(i) containing instance i.
4. Output the final model and the predicted value

After T iterations, the final model F is a weighted integration of all T trees:
T
Foo = 99+ LK) ©)
t=1

For any new sample, the model will input it into the integrated model F, pass through
each tree in turn, and each tree gives an output. Finally, the output of all trees is summed
according to the weight, and the initial value is added to get the final prediction result:

F(Xpew) 7)

<5 —
Ynew -

3. Empirical Study
3.1. Data Preparation and Process Design

To achieve accurate prediction of the logistics industry’s prosperity index, this study
establishes a forecasting framework based on the CatBoost model, adhering to a structured
application process. Initially, we utilize the monthly logistics industry dataset for Lanzhou
City, spanning January 2022 to March 2025, sourced directly from the “2022-2025 Annual
Logistics Industry Data Analysis Report of Lanzhou City”. This dataset, collected on a
monthly basis, is characterized by its completeness and the absence of missing values.
It has been meticulously transformed into a standardized format that includes 12 key
characteristic indicators, such as total business volume, new orders, and average inventory
levels, as detailed in Tables 1-3. To ensure data quality, this paper implemented seasonal
adjustment for all 11 indicators except the ‘Business Activity Expectations” (which belongs
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to the survey-type expected indicators) and preprocessed the original data using the min-
max standardization method. Based on this, the entropy method was utilized to ascertain
the weights of each indicator, culminating in the synthesis of a weighted business climate
index for the period spanning from January 2022 to December 2024. The specific calculation
results are shown in Table 4.

Table 1. Standardized index of logistics industry prosperity index in 2022.

No. Date x1 x2 x3 x4 x5 X6 x7 x8 x9 x10 x11 x12
202201 52.38 5238 50.00 56.25 5476 57.14 5238 4524 50.00 53.85 4048 54.76
202202 42.06 47.62 4444 4444 4048 4286 4048 3333 4762 4643 4286 57.14
202203 43.02 4524 36.11 36.11 4286 38.10 4524 3095 7381 4375 50.00 52.38
202204 4490 50.00 41.18 3235 5238 4524 4286 28,57 66.67 50.00 42.86 59.52
202205 63.06 6429 4444 6389 66.67 69.05 5952 5952 5476 50.00 54.76 61.90
202206 50.00 57.14 36.67 53.33 50.00 4524 4286 4048 57.14 4286 47.62 47.62
202207 3417 3333 3333 3333 3333 3333 4048 2381 5476 50.00 4048 42.86
202208 38.17 4048 41.18 41.18 38.10 3571 4286 2381 7143 46.15 38.10 42.86
202209 46.34 4762 3125 56.25 4524 4524 4286 33.33 5714 50.00 35.71 42.86
202210 33.65 4048 3529 3529 3333 2619 4048 2143 5952 2857 3750 33.33
202211 2741 3095 2941 2647 2143 23.81 4286 2143 6429 4444 3571 3571
202212 4397 47.62 4375 46.88 3571 3333 47.62 3095 6190 36.67 5238 45.24

Table 2. Standardized index of logistics industry prosperity index in 2023.

No. Date x1 x2 x3 x4 x5 X6 x7 x8 x9 x10 x11 x12
202301 4893 50.00 35.71 50.00 4524 4286 4524 38.10 5476 39.29 50.00 47.62
202302 60.56 61.11 54.17 75.00 5556 58.33 4444 5556 61.11 45.83 50.00 63.89
202303 5875 69.44 54.17 5833 50.00 50.00 44.44 4722 4722 4444 50.00 63.89
202304 63.14 69.05 57.69 73.08 5952 5714 4524 4048 59.52 7273 5238 66.67
202305 5744 6190 50.00 57.69 6429 6190 4286 4286 54.76 5833 47.62 52.38
202306 5393 6190 54.17 50.00 50.00 47.62 4048 4762 59.52 59.09 35.71 50.00
202307 48.71 55.00 58.33 45.83 52.5 4750 4750 4250 60.00 61.54 40.00 55.00
202308 56.38 5750 50.00 6250 60.00 5750 4750 50.00 5250 60.71 5250 57.50
202309 56.08 55.00 54.17 5833 50.00 55.00 45.00 40.00 5750 61.54 5250 60.00
202310 64.67 70.00 50.00 66.67 80.00 50.00 50.00 50.00 60.00 8333 60.00 80.00
202311 59.21 60.00 5833 5833 5750 5750 5250 5250 5750 67.86 5250 62.50
202312 55.67 55.00 54.17 66.67 60.00 55.00 5250 55.00 5750 66.67 5250 70.00

Table 3. Standardized index of logistics industry boom index from 2024 to March 2025.

No. Date x1 x2 x3 x4 x5 X6 x7 x8 x9 x10 x11 x12
202401 62.79 65.00 54.17 66.67 6250 60.00 50.00 50.00 5750 60.71 60.00 57.50
202402 4955 5250 3636 4545 5750 5250 4750 45.00 5250 53.85 4750 65.00
202403 68.00 6750 63.64 60.00 5750 6750 4500 6250 5750 4375 55.00 72.50
202404 58.67 60.00 59.09 54.17 60.00 65.00 4750 4250 6250 61.11 5250 67.50
202405 69.63 7250 50.00 65.00 7250 7250 5250 60.00 4750 50.00 5250 67.50
202406 63.21 70.00 5833 5833 55.00 60.00 50.00 5500 65.00 50.00 5250 65.79
202407 5358 5250 45.83 45.83 50.00 5250 4750 45.00 60.00 59.09 55.00 55.00
202408 5742 60.00 41.67 54.17 60.00 55.00 50.00 4750 5250 50.00 60.00 68.42
202409 58.88 6250 54.17 50.00 5750 5750 5750 4250 65.00 50.00 5750 62.50
202410 66.96 65.00 50.00 5833 70.00 6250 5250 60.00 60.00 50.00 6750 70.00
202411 5829 65.00 6154 6538 5500 5750 5250 3750 5750 56.25 5250 57.50
202412 52.88 55.00 41.67 50.00 55.00 45.00 50.00 35.00 4750 56.25 45.00 42.50
202501 45.61 4250 4231 4231 4250 4750 5250 55.00 5750 3750 45.00 55.00
202502 4142 50.00 25.00 29.17 40.00 4250 4750 3250 5250 44.44 45.00 70.00
202503 53.30 55.00 5455 4545 5750 55.00 45.00 5750 5250 68.75 55.00 57.50
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Table 4. Weighted prosperity index of logistics industry calculated under the entropy method from
2022 to 2024.

Time The Weighted Sentiment Index Calculated by the Entropy Value Method

202201 51.92290356
202202 43.19266213
202203 41.17827971
202204 43.68670562
202205 60.04859892
202206 46.73713025
202207 35.12141193
202208 38.39802657
202209 43.59500877
202210 32.2175366
202211 29.50626128
202212 40.83509791
202301 4428752048
202302 58.20794981
202303 53.45090399
202304 59.75029046
202305 54.89551694
202306 51.05799209
202307 50.46934696
202308 56.09668674
202309 53.19315475
202310 63.85207181
202311 58.15264092
202312 58.93463078
202401 59.14790904
202402 49.99104655
202403 61.3622919
202404 57.0293283
202405 62.92335161
202406 58.39540845
202407 50.70110825
202408 54.24613005
202409 54.33801531
202410 61.25435604
202411 55.56461915
202412 47.14346081

The variables are defined as follows: x1 (total business volume), x2 (new orders
representing customer demand), x3 (average inventory level), x4 (inventory turnover
frequency), x5 (capital turnover rate), x6 (equipment utilization rate), x7 (logistics service
pricing), x8 (core business profit), X9 (core business cost), x10 (completed fixed asset
investment), x11 (number of employees), and x12 (business activity expectations).

Secondly, the prediction model is established. In this study, the test set proportion is set
at 0.9, partitioning the 39 samples into training, test, and prediction sets with proportions
of 82.1%, 10.3%, and 7.7%, respectively. The independent variables include: x1 total
business volume, x2 new orders (representing customer demand), x3 average inventory
level, x4 inventory turnover frequency, x5 capital turnover rate, x6 equipment utilization
rate, x7 logistics service price, x8 main business profit, X9 main business cost, x10 completed
fixed asset investment, x11 employee count, and x12 business activity expectations. The
dependent variable is the weighted prosperity index. The CatBoost modeling approach
is implemented, undergoing 500 iterations to ensure comprehensive data learning and
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mitigate the risk of underfitting. Each tree’s maximum depth is limited to 6, controlling
complexity and reducing overfitting risks. The learning rate (0.1) balances training speed
with generalization capacity, and the L2 regularization coefficient (3.0) strengthens weight
constraints, enhancing model robustness. The feature subset ratio (1.0) ensures full feature
utilization in each iteration, avoiding randomness while leveraging raw information. The
task type is explicitly defined as regression to fulfill the logistics industry’s prosperity index
prediction requirements.

The analysis of feature importance provides critical insights into the drivers of the LPI
in Figure 2:

1.0

Importance Score

x5 x4
Feature Code

Figure 2. Feature importance analysis for LPL

A. Dominant drivers (x1, x2, x12)

The model identifies Total Business Volume (x1) and New Orders (x2) as the two most
significant predictors, with importance scores of 0.89 and 0.87, respectively. This aligns
with economic logic: business volume reflects current operational scale, while new orders
signal future market demand. Business Activity Expectations (x12) follows closely (0.82),
suggesting that market confidence and sentiment are strongly predictive of the industry’s
prosperity. These top three features act as the primary “engine” of the index.

B. Operational drivers (x10, x6, x5)

Indicators related to operational capacity and efficiency—Fixed Asset Investment (x10),
Equipment Utilization Rate (x6), and Capital Turnover Rate (x5)—form the second tier of im-
portance. This indicates that infrastructure investment and resource efficiency are necessary
supports for prosperity but fluctuate less dramatically than market demand variables.

C. Weak predictors (x11, x8)

Interestingly, Number of Employees (x11) and Core Business Profit (x8) show the low-
est importance scores. This might suggest that within the specific context of the Lanzhou
dataset, employment levels and profits are relatively stable or lag behind the immedi-
ate changes in the prosperity index, making them less useful for short-term prediction
compared to volume and orders.

3.2. Model Training and Result Evaluation

To further evaluate the model’s performance in predicting industry trends, this study
employed the CatBoost model trained on the standardized dataset. The prediction process
comprised the following steps: Initially, categorical feature data underwent automatic
processing to maintain the integrity of the original data. Subsequently, the ordered boosting
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mechanism was employed to incrementally enhance prediction accuracy, culminating in
the completion of model training. Ultimately, feature data from January to March 2025 was
inputted to generate predicted values for the logistics industry’s prosperity index for the
subsequent three months.

Regarding evaluation criteria, in addition to conventional regression indicators such as
Mean Square Error (MSE), Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
and Coefficient of Determination (R?), this study also introduces several customized as-
sessment indicators tailored to the characteristics of logistics industry prosperity index
prediction. Specifically, Median Absolute Error (MAD) bolsters model robustness against
outliers, mitigating the impact of extreme fluctuations on overall prediction accuracy;
Mean Absolute Percentage Error (MAPE) offers a percentage-based metric for prediction
deviations relative to actual values, providing intuitive insights into model precision across
varying prosperity levels; Explainable Variance Share (EVS) quantifies the model’s explana-
tory capacity for industry volatility, reflecting the alignment between predictions and actual
fluctuation patterns; Logarithmic Mean Square Error (MSLE) focuses on measuring loga-
rithmic spatial variations in prosperity index discrepancies, imposing asymmetric penalties
for underestimation and overestimation, rendering it particularly apt for indicators charac-
terized by exponential growth or extensive fluctuations. These indicators together form
a multi-dimensional and highly robust evaluation system that ensures the accuracy and
reliability of logistics prosperity prediction models in complex industry environments. The
relevant mathematical formulas [24] are as follows:

n
_1 )2
MSE — HZ:(yi -9) 8)
i=1
1 n
MAE ZHZ %i—3 )
i=1
n
RMSE =1) "(1y; — 91)? (10)
i=1 i
2
R2— 1 — im1 (ly; =9, )2 (11)
Zi:1(|Yi - %)
MAD = median (I Yi —%i ) (12)
lyi —
MAPE — 1 Z i % 100% (13)
7y — %)
EVS=1 — [—2i Ji (14)
Ty
1
MSLE =~ x } [log(1+y;) — log(1+ ;)] (15)

Among them, y; represents the true value, §; represents the predicted value, n is the
number of samples, ¢ represents the variance, and median indicates taking the median.

4. Results and Verification

A comprehensive comparison with existing research findings reveals that the CatBoost
model’s test set R? reaches 0.963, with a MAPE of merely 0.001%. In contrast to models like
ARMA and ARIMA, which typically exhibit prediction errors ranging from 1.5% to 2%, the
CatBoost model demonstrates superior performance. The explainable variance (EVS) is
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0.968, indicating that the model can capture the vast majority of fluctuations in the data.
The root mean square logarithmic error (MSLE) is recorded at 0.001, demonstrating that, in
comparison to traditional machine learning models such as PSO-SVM, which necessitate
complex preprocessing and often lead to efficiency losses, the model in question exhibits
high prediction accuracy on a logarithmic scale.

To further validate the predictive performance of the CatBoost model, this study com-
pared multiple forecasting methods for the logistics prosperity index from January to March
2025 (Table 5). The results indicate that the CatBoost model exhibits the highest predictive
accuracy, with its forecasted values of 47.39, 41.98, and 53.65 closely approximating the
true values of 46.39, 40.62, and 55.51, as calculated by the entropy method, demonstrating
minimal deviation and outperforming other models.

Table 5. Forecasted value of logistics industry boom index in Lanzhou from January to March 2025

by different models.

Method/Time 2025.1 2025.2 2025.3
ground truth 46.39057896 40.62236064 55.50662265
Neural network 49.43803326 49.66393247 53.64082261
Support vector machine 47.75067171 47.22371765 53.91612538
Grey prediction method 60.46600000 60.99600000 61.52800000
decision tree 49.99104655 44.28752048 49.99104655
random forest 50.24090198 41.89462119 54.73918814
XGboost 48.44395065 43.98495483 52.53718948
GBDT21 50.53901068 39.24337178 53.4968249
Adaboost 50.23019676 43.06336777 53.29623168
Extreme decision tree 46.67231185 42.72969302 53.87487926
CatBoost 47.38733027 41.97661744 53.64980211

To visually demonstrate the fit between the predicted and true values for each predic-
tion method, this study presents a multi-method prediction comparison line chart of the
logistics prosperity index from January 2022 to March 2025 (Figure 3).

The empirical results of the comparative experiments, as visualized in Figure 3, sub-
stantiate the CatBoost model as a dependable tool for forecasting the logistics industry
prosperity index.

(1) Regarding predictive accuracy and robustness, Figure 3 clearly shows that the data
results generated by the CatBoost model closely match the actual values, particularly
excelling in identifying turning points between the fourth quarter of 2024 and the first
quarter of 2025. This suggests that CatBoost’s ordered boosting mechanism plays a
pivotal role in reducing gradient bias and preventing data overfitting. In contrast,
XGBoost displays a noticeable lag in its prediction curve, whereas the random forest
prediction curve appears excessively smooth. These observations imply that CatBoost
exhibits superior generalization and adaptability when processing complex economic
data, such as the logistics industry prosperity index.

(2) Interms of data processing capabilities, CatBoost’s exceptional performance is under-
scored by its inherent ability to effectively manage categorical features. The logistics
industry prosperity index is computed from weighted contributions across diverse
business categories, incorporating comprehensive data from multiple logistics en-
terprises. For models that necessitate intricate preprocessing of categorical features,
substantial discrepancies may emerge between predicted values and actual outcomes
at specific nodes, thereby compromising model accuracy. Conversely, CatBoost in-
herently circumvents these issues at an algorithmic level, thus preventing critical
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information loss due to the improper handling of complex data and yielding predic-
tions that are more closely aligned with real-world values, enhancing model reliability.

—— True Value
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—=— Random Forast
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Figure 3. Comparison of forecasted values of logistics industry prosperity index in Lanzhou from
January 2022 to March 2025.

(8) Concerning practical applicability, this study systematically validates the compre-
hensive advantages of CatBoost. As depicted in Figure 3, in comparison with other
models, CatBoost not only yields more precise predictive values but also exhibits a
high degree of alignment with actual trends—a stability that is crucial for practical
applications and advantageous for offering reliable decision-making references to
governmental bodies and pertinent logistics enterprises. Furthermore, relative to
traditional machine learning models, CatBoost offers strong practical applicability
alongside high precision; it operates stably while being easy to maintain—thus pre-
senting a novel methodology for monitoring logistical industry prosperity that ensures
both scientific rigor and practical value. In summary, through intuitive comparisons
based on visualized data results along with qualitative analyses outlined above, Cat-
Boost emerges as a scientifically sound and effective solution within the realm of
forecasting logistics industry prosperity indices due to its outstanding advantages in
accuracy, robustness, adaptability, and interpretability.

In conclusion, the visual results obtained by introducing actual data into the model
directly confirm the conclusions of quantitative analysis: the CatBoost algorithm has the
best performance in the logistics industry prosperity index prediction task, with its strong
nonlinear relationship fitting ability and anti-overfitting characteristics, providing a reliable
tool for industry prosperity warning and policy making.

Figure 4 gives the SHAP (SHapley Additive exPlanations) feature importance bar
chart, and provides the interpretability.

A. Demand-side drivers dominate
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The analysis reveals that Total Business Volume (x1), New Orders (x2), and Business
Activity Expectations (x12) are the three most influential predictors, collectively accounting
for 61.9% of the model’s decision-making. This confirms that: Market demand is the pri-
mary driver of logistics prosperity; Future expectations strongly influence current industry
sentiment; These findings align with economic theory and industry practice.

[
N
»H
v

Total Business Volume (x1)

New Orders (x2) LLLCLLLV LT EL L 0.218
Business Activity Expectations I nnInnnmm 0.156
Fixed Asset Investment (x10) CUCTCEEE T 0.112
Equipment Utilization (x6) ULTEELEEREET LT 0.089
Capital Turnover Rate (x5) CELPLELEETL 0.065
Inventory Turnover (x4) I 0.041
Average Inventory Level (x3) nm 0.032
Core Business Cost (x9) m 0.018
Logistics Service Pricing (x7) . 0.014
Core Business Profit (x8) | | 0.006
Number of Employees (x11) I 0.004

0.00 0.10 0.20 0.30 0.40 0.50
L SHAP Importance ———— 1

Figure 4. SHAP feature importance bar chart.

B. Operational efficiency is secondary

Features related to operational performance (x6 Equipment Utilization, x5 Capital
Turnover, x4 Inventory Turnover) rank in the middle tier, suggesting that they are support-
ing factors rather than primary drivers; high utilization rates amplify prosperity but cannot
create it without demand.

C. Employment and profit are lagging indicators

Number of Employees (x11) and Core Business Profit (x8) show the lowest importance
scores (0.004 and 0.006), indicating that employment levels tend to be stable relative to
prosperity fluctuations; profits may be affected by cost structures independent of volume;
these are likely lagging indicators rather than predictors.

D. Direction of effects

All significant features show positive correlations with LPI:

Higher business volume — Higher prosperity

More new orders — Higher prosperity

Stronger expectations — Higher prosperity

This consistency validates the model’s alignment with economic logic and makes the
predictions intuitively interpretable for policymakers.

Partial Dependence Plots (PDPs) show the marginal effect of a single feature on the
predicted outcome, averaging out the effects of all other features. This helps policymakers
understand the specific relationship between changes in indicator values and the resulting
shifts in the prosperity index. Table 6 gives a partial dependence summary for the top
6 features.
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Table 6. Partial dependence summary for top 6 features.

Rank Feature Feature Range LPI Effect Range Avg. Marginal Effect
1 Equipment utilization rate (x6) 23.81-72.50 35.12-62.92 +0.57 points/unit
2 Total business volume (x1) 27.41-69.63 40.85-60.05 +0.45 points/unit
3 Capital turnover rate (x5) 21.43-80.00 42.15-58.93 +0.28 points/unit
4 Business activity expectations (x12) 33.33-80.00 44.28-60.12 +0.34 points /unit
5 New orders (x2) 30.95-72.50 43.19-60.05 +0.39 points/unit
6 Inventory turnover frequency(x4) 26.47-75.00 41.18-59.75 +0.42 points/unit

Some key insights from partial dependence analysis are displayed:

A. Non-Linear Thresholds Identified

Equipment utilization rate (x6) shows the strongest marginal effect on LPI:

Below 50%: LPI drops precipitously (indicating severe underutilization);

50-65%: Optimal operating range with steady LPI gains;

Above 65%: Diminishing returns (capacity constraints);

Total Business Volume (x1) exhibits a plateau effect:

Values below 45: Strong positive impact per unit increase;

Values 45-65: Steady but diminishing marginal returns;

Values above 65: Minimal additional LPI gains.

B. Interaction Effects Observed

The PDPs reveal that High equipment utilization (x6) combined with strong new
orders (x2) creates synergistic effects on LPI; Low business expectations (x12 < 40) acts as
a bottleneck, limiting the positive effects of other indicators; Capital turnover (x5) has a
foundational role: when below 40%, it constrains the effectiveness of volume increases

C. Practical Implications for Policymakers

Based on the partial dependence analysis, the primary leverage point focuses on the
equipment utilization rate—the most impactful indicator with a 27.8-point effect range.
Policies that help firms optimize equipment use (e.g., sharing platforms, lease programs)
could significantly boost industry prosperity; an early warning system can monitor new or-
ders and business activity expectations as leading indicators. Sharp declines below 40-45%
signal imminent LPI downturns; design policies that target critical thresholds: Emergency
support when indicators fall below warning thresholds, optimization programs when
indicators are in the growth zone, and innovation incentives when indicators reach plateau
zones. The PDPs show that improving a single indicator in isolation has a limited effect.
A coordinated approach targeting utilization, volume, and expectations simultaneously
yields the greatest LPI improvements.

5. Discussion

The CatBoost algorithm employed in this study boasts several theoretical advantages
that contribute to its superior performance in predicting the LPI. Its ordered boosting
mechanism effectively mitigates gradient bias and overfitting, leading to improved gener-
alization and robustness. The use of symmetric tree structures further enhances training
efficiency and accuracy by ensuring balanced tree growth. Additionally, CatBoost’s abil-
ity to handle categorical features natively, without the need for complex preprocessing,
prevents information loss and maintains data integrity. These factors collectively enable
CatBoost to capture complex nonlinear relationships within the LPI data, resulting in
accurate and reliable predictions.

Despite its strengths, the CatBoost algorithm does possess some limitations. As a static
model, it lacks the ability to adapt and learn from new data in real-time. This limitation
hinders its ability to capture emerging trends and patterns, particularly in a dynamic
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industry like logistics, which is influenced by numerous factors such as technological
advancements, seasonal fluctuations, and global events. Furthermore, the interpretability
of CatBoost models can be challenging compared to simpler models like linear regression.
Understanding the contribution of individual features to the prediction can be complex,
requiring specialized tools and techniques.

The empirical results of this study offer valuable insights for stakeholders in the
logistics industry. The CatBoost model’s high accuracy and robustness suggest its potential
as a powerful tool for predicting future LPI trends and identifying critical turning points.
This information can be invaluable for governments and enterprises in several ways:

Policy making: Governments can utilize the CatBoost model to anticipate market
shifts and formulate supportive policies and infrastructure plans. This proactive approach
can foster a stable and conducive environment for logistics industry growth.

Resource optimization: Enterprises can leverage the model’s predictions to optimize
resource allocation, including inventory management, capital investment, and workforce
planning. This can lead to improved operational efficiency and cost savings.

Risk management: By identifying potential downturns or disruptions early on, enter-
prises can implement risk mitigation strategies and maintain business continuity.

Strategic planning: The model’s ability to forecast LPI trends can assist enterprises in
developing long-term strategic plans and setting realistic goals for growth and expansion.

6. Conclusions

This study presents a comprehensive prediction framework for the LPI by innovatively
applying the CatBoost algorithm within a machine learning context. By constructing
an end-to-end process that integrates Bayesian optimization for hyperparameter tuning
and a multi-dimensional evaluation system, we address the limitations of traditional
forecasting models in handling complex, nonlinear data. The research utilizes a unique
dataset of 12 key indicators from Lanzhou City, spanning from January 2022 to March
2025, to validate the proposed model’s effectiveness. This approach not only enriches
the theoretical methodology of logistics industry warning systems but also establishes
a replicable technical framework that bridges the gap between advanced algorithmic
theory and practical industrial application, providing a solid foundation for data-driven
decision-making in the logistics sector.

The empirical results demonstrate that the CatBoost model significantly outperforms
traditional and other machine learning approaches, such as ARIMA, SVM, and XGBoost.
The model achieved exceptional predictive accuracy with an R? of 0.963 and a MAPE of
merely 0.001%. Comparative analysis revealed that CatBoost excels in capturing critical dy-
namic turning points in the LPI data and exhibits superior robustness against outliers. These
advantages are attributed to the algorithm’s ordered boosting mechanism and symmetric
tree structure, which effectively mitigate gradient bias and overfitting while enhancing
training efficiency. Furthermore, the model’s ability to handle categorical features natively
ensures data integrity and prevents information loss, making it a highly reliable tool for
monitoring and forecasting the prosperity of the logistics industry.

Despite these promising results, the study acknowledges certain limitations inherent
in the proposed framework. The current CatBoost model is essentially static, trained on
fixed historical datasets, which limits its capacity to autonomously update parameters
and knowledge in response to real-time changes. Given that the logistics industry is a
dynamic system susceptible to rapid shifts such as technological advancements, seasonal
fluctuations, and global crises, a static model may face challenges in maintaining long-term
predictive accuracy.
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Future research should focus on developing adaptive learning mechanisms that enable
the model to assimilate real-time data incrementally. Additionally, establishing a multi-
source data integration framework and enhancing system stability under extreme scenarios
will be critical for achieving a more dynamic, resilient, and comprehensive predictive
system that supports the sustainable development of the logistics industry.
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