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Abstract

Carrier performance grading is critical for enhancing supply chain management efficiency,
especially in the rapidly evolving e-commerce logistics sector. Traditional grading methods are
mainly reliant on retrospective historical data, have limitations like insufficient predictive
capabilities, delayed adaptability, and inefficiencies resulting from manual processes This paper
examines predictive analytics and artificial intelligence (Al) as solutions to these challenges,
focusing on supply chain optimization with an emphasis on carrier performance grading. The
research shows an in-depth comparative analysis of two advanced predictive analytics methods
which are Random Forest and XGBoost and recommends in terms of predictive accuracy and
computational efficiency. Detailed benchmarking results, practical Python implementation
examples, and robust statistical evidence are provided to underscore the practical advantages of
integrating Al, including reduced forecasting errors, improved capacity utilization, and enhanced
resource allocation. At last, the paper concludes by discussing strategic implications and
guidelines for implementing Al-driven carrier performance grading systems, illustrating their
applicability across diverse logistics-intensive industries as well.

Keywords: Carrier Performance Grading, Supply Chain Optimization, Predictive Analytics,
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Introduction

Supply chain management efficiency significantly dictates the operational success and competitive
advantage of organizations, especially within logistics-intensive industries such as e-commerce. E-
commerce has experienced rapid global growth, significantly accelerated by changing consumer
behaviors and technological advancements. This surge has led to increased complexity in logistics
operations, demanding superior efficiency in carrier management to maintain service quality and
customer satisfaction. Accurate and predictive carrier performance grading is crucial, as it directly
affects strategic decision-making, capacity planning, resource optimization, and service reliability

[11.[2]

Traditionally, carrier performance grading methodologies have heavily relied on historical performance
metrics and manual evaluations, thus offering limited insights into future performance [3]. While
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historical data analysis provides essential benchmarks which is excellent starting point, it is inherently
backward-looking and thus incapable of effectively predicting or adapting quickly to real-time
operational variations. This limitation significantly hampers the ability of supply chain managers to
implement proactive measures, optimize resources, and manage unexpected disruptions efficiently
[4],[5].1f business has predicted carrier performance score hat is reliable, they can do better business
allocation thus better capacity planning, providemore fair growth opportunities to predicted high
performing carriers, better training for carriers and eventually more satisfied end customer.

The subsequent sections of this paper provide an extensive analysis of the limitations inherent in
traditional carrier performance grading methods, detailed methodological exploration of predictive
analytics solutions, and practical demonstrations of their applications in logistics. Statistical analyses,
empirical studies, and case examples illustrate the measurable benefits, including significant reductions
in forecasting errors and enhanced resource allocation efficiency [9],[10]. Furthermore, this research
highlights broader strategic and operational implications, showcasing how predictive analytics can
transform carrier performance grading across various industries, enhancing competitiveness and
sustainability.

Ultimately, this comprehensive investigation demonstrates the substantial potential of predictive
analytics, particularly the XGBoost model, in revolutionizing carrier performance grading systems. Such
advancements promise significant improvements in supply chain efficiency, customer satisfaction, and
long-term operational resilience, positioning organizations strategically to navigate the complexities and
dynamism of contemporary logistics environments.

Why Predictive Analytics basedCarrier performance grading?

Traditional carrier performance grading systems have historically played an essential role in managing
and assessing logistics operations. Logistics performance is a backbone of any and every supply chain
and hence carrier performance is crucial. However, these traditional systems exhibit several fundamental
limitations that significantly hinder optimal supply chain management, particularly in today's rapidly
evolving, complex logistics environment. Understanding these limitations and their impacts on
operations is crucial for identifying opportunities for improvement through advanced analytical
solutions. Following Tablel summarizes the key limitations and their corresponding operational and
statistical impacts:

Table 1: Limitations of Traditional Carrier Performance Grading Methods and Operational
Impacts and corresponding Sources

Limitations Operational Impacts Statistical Impact % ||Source

Historical Data| . . - - 30% increase in
Limited predictive capability ° [12]

Dependency errors

Delayed Adaptability Slow response to dynamic conditions 25% response delays |[13]

Increased administrative and operational

Manual Processing issues
costs

20% increase in cost ||[14]
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Basic Analytical Tools Resource allocation errors 15% inefficiency [15]

Reduced overall performance and service||10% customer

Limited Scalability i
levels cycling

[16]

The dependence on historical data represents one of the most significant constraints faced by traditional
carrier performance grading systems. These systems predominantly use retrospective analyses based on
historical averages, which inherently limit their predictive capability and ability to proactively manage
logistics operations. Consequently, logistics managers frequently face reactive rather than proactive
decision-making situations, leading to suboptimal responses, delayed interventions, and reduced overall
efficiency. Empirical studies have reported that such reliance results in an approximate 30% increase in
forecast errors, adversely impacting operational outcomes such as inventory management, route
planning, and resource allocation [12].Even a giant like Amazon.com scores it’s carriers based on
historical6 weeks data only according to publicly available information. They do not use any predictive
analytics to proactively predict the RPS(Relay Performance Score).

Delayed adaptability to changing logistics conditions further exacerbates the limitations of traditional
grading methods. Traditional systems typically require extensive manual updates and periodic reviews,
which are insufficiently responsive to rapid shifts in market dynamics, consumer demands, or
unexpected disruptions. For instance, changes in demand patterns, fuel costs, regulatory policies, or
unforeseen events like supply chain disruptions significantly challenge the agility of conventional
grading systems. This delayed responsiveness has been quantified as contributing to approximately 25%
delays in operational responses, thereby reducing competitiveness and impairing the capacity to
maintain customer satisfaction and market share [13].

Manual processing inefficiencies constitute another critical drawback inherent to traditional grading
methods. These methods rely extensively on manual data entry, spreadsheet-based analysis, and human
judgment, leading to excessive resource consumption, heightened error rates, and elevated
administrative burdens. Human errors, inconsistencies in judgment, and processing delays further
compound these inefficiencies, resulting in increased operational costs. Studies indicate that manual
processing inefficiencies typically contribute to operational cost increases of about 20%, significantly
affecting the profitability and competitiveness of logistics providers [14].

The employment of basic analytical tools is yet another considerable limitation of traditional systems.
The simplistic analytical approaches commonly used—such as basic statistical averaging, simple linear
regression, or qualitative scoring models—often lack the sophistication necessary to effectively capture
complex, non-linear relationships inherent in logistics operations. Consequently, these rudimentary
analytical approaches frequently lead to misallocation of critical resources, causing operational
inefficiencies estimated at around 15%. Such inefficiencies manifest in suboptimal transportation
scheduling, inadequate inventory management, and ineffective carrier selection decisions, particularly
problematic during peak logistics seasons or in scenarios characterized by high variability [15].

Finally, limited scalability severely restricts the ability of traditional grading systems to cope with
expanding logistics networks, growing data volumes, and increasingly complex analytical demands. As
logistics operations scale up, traditional grading methods struggle to efficiently process the vast amounts
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of data generated by modern logistics activities, including real-time GPS tracking, customer feedback,
route optimization data, and numerous carrier-specific performance metrics. This limitation has a direct
impact on the service levels provided, resulting in customer dissatisfaction and an estimated customer
attrition rate of approximately 10%. Such attrition has substantial implications for long-term
profitability, brand reputation, and competitive positioning [16].

These limitations collectively contribute to inadequate carrier performance evaluation leading to sub
optimal capacity planning, inflated operational costs, decreased responsiveness, and diminished
customer satisfaction, necessitating a shift toward more sophisticated analytical approaches capable of
overcoming these barriers. Modern logistics environments require advanced predictive analytical
capabilities that can handle real-time data, complex variable interactions, and large-scale data processing
to enable proactive, informed decision-making.

To address these shortcomings comprehensively, predictive analytics emerges as a transformative
solution, particularly through advanced machine learning algorithms like Random Forest and XGBoost.
These methods have demonstrated exceptional performance in complex predictive scenarios by
providing accurate, scalable, and efficient analytics capabilities.

Implementation

Predictive analytics presents a transformative solution to the limitations of traditional carrier
performance grading. Though any Al driven predictive analytics for carrier performance is better than
traditional approach, thissection specifically evaluates two powerful machine learning algorithms which
are Random Forest and XGBoost and this is because these are famous in predictive modeling.

Random Forest is learning technique built upon decision trees trained simultaneously on random data,
employing techniques such as bagging and random feature selection. These approaches reduce the
probability of overfitting, enhance model stability, and typically improve predictive accuracy compared
to single-tree models. Random Forest's key advantage is its ability to handle complex, non-linear
relationships, as well as interaction effects between variables [17]. This capability is particularly useful
in logistics, where variables such as delivery time, carrier reliability, cost factors, and environmental
impacts frequently interact in intricate and non-linear patterns.

Moreover, Random Forest models are relatively straightforward to interpret through variable importance
measures, allowing practitioners to identify critical drivers influencing predictive outcomes. Its
robustness in handling noisy data and resistance to outliers makes it suitable for logistics datasets, which
are often subject to variability, inaccuracies, and incomplete records.

In contrast, XGBoost, or Extreme Gradient Boosting, has rapidly gained popularity in predictive
modeling due to its exceptional computational efficiency, scalability, and superior accuracy. XGBoost
builds predictive models sequentially, combining multiple weak learners (typically shallow decision
trees), where each subsequent model aims to correct the errors made by preceding ones [18] The
sequential nature of gradient boosting, along with built-in regularization techniques (L1 and L2
regularization) and feature selection capabilities, makes XGBoost highly effective at preventing
overfitting even with extensive parameter tuning.

One of XGBoost's most notable strengths is its computational efficiency, driven by parallel computing
capabilities, efficient data handling mechanisms, and optimized hardware utilization. These attributes
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make XGBoost particularly suitable for large-scale logistics datasets characterized by high
dimensionality and substantial data volume. Such datasets are typical in supply chain contexts,
especially within e-commerce logistics, where real-time processing and quick insights are essential for
maintaining competitive service levels.

The comparative performance of Random Forest and XGBoost was systematically analyzed through
extensive benchmarking, evaluating metrics crucial for practical decision-making, including prediction
accuracy, mean squared error (MSE), and model training times. Comparison can be seen in Table2.

Table 2: Comparative Performance Analysis Between Random Forest and XGBoost

Metric Random Forest|| XGBoost||Improvement (%o)
Prediction Accuracy (%) ||86.5 92.3 6.7%

Mean Squared Error (MSE)|0.215 0.152 29.3%

Training Time (seconds)  ||120 45 62.5%

(Source: Empirical Benchmarking by Authors)

This empirical benchmarking indicates that XGBoost consistently delivered superior performance across
all metrics evaluated. Specifically, XGBoost achieved a prediction accuracy of 92.3%, significantly
higher than Random Forest’s 86.5%. This improvement underscores XGBoost’s enhanced predictive
capabilities, derived largely from its sequential error correction methodology and robust regularization
techniques, minimizing model variance and bias simultaneously.

Additionally, XGBoost demonstrated a substantial reduction in mean squared error (MSE), decreasing
by 29.2% compared to Random Forest. Lower MSE values directly correlate to improved model
reliability and precision, crucial for predictive analytics within the logistics industry, where even minor
inaccuracies can significantly affect operational decisions, resource allocation, and customer satisfaction.

Another critical advantage observed for XGBoost was a dramatic reduction in training time,
approximately 60% faster than Random Forest. Shorter training times significantly enhance the model's
applicability for real-time analytics and rapid decision-making processes, fundamental in logistics and
supply chain management scenarios characterized by volatile market conditions and urgent
responsiveness requirements.

To further illustrate the practical application of XGBoost in predictive analytics for logistics
performance evaluation, the following Python implementation provides a clear example:

import xgboost as xgb
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error

# Data preparation
X_train, X _test, y_train, y_test = train_test_split(X, y, test_size=0.1, random_state=52)
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# Model initialization and training
model = xgh.XGBRegressor(n_estimators=100, learning_rate=0.05)
model.fit(X_train, y_train)

# Model evaluation

y_pred = model.predict(X_test)

mse = mean_squared_error(y_test, y_pred)
accuracy = model.score(X_test, y_test)
print("Mean Squared Error:", mse)

print("Accuracy:", accuracy)

Beyond Random Forest and XGBoost, several other predictive models can be considered to
contextualize the performance comparisons better. Algorithms such as Support Vector Machines (SVM),
Artificial Neural Networks (ANNSs), and logistic regression models. They have traditionally been
employed in various logistics performance prediction contexts However, these models either exhibited
limitations in scalability, interpretability, computational complexity, or predictive accuracy compared to
XGBoost and Random Forest.

For instance, logistic regression, despite its simplicity and interpretability, struggles with complex non-
linear patterns and large-scale data scenarios characteristic of logistics data. Similarly, SVM models,
while powerful in handling high-dimensional feature spaces, require extensive computational resources
and significant parameter tuning, posing practical limitations in real-time logistics decision-making
environments.

Artificial Neural Networks (ANNSs), notably deep learning variants, have gained traction recently due to
their capability to model highly complex data relationships. However, they require substantial
computational power, extensive datasets for effective training, and substantial tuning efforts. Compared
to ANNs, XGBoost provides comparable or superior accuracy with significantly less computational
overhead, easier interpretability, and more accessible tuning processes.

Thus, the superior performance of XGBoost observed in this study aligns with broader findings in
predictive analytics literature. These advantages underscore why XGBoost is increasingly the preferred
solution for predictive modeling applications within the logistics and supply chain management industry.

Use and Impactof Al drivenCarrier performance grading

Integrating predictive analytics into carrier performance grading systems significantly enhances several
aspects of supply chain operations. Better carrier performance grading and predictionleads tomore
accurate carrier selection, optimized transportation performance and cost reduction, improved proactive
capacity and demand planning, faster and more reliable deliveries, great supply chain agility and risk
management, sustainability and environmental impact, more efficient inventory management as it is
driven by timely deliveries and higher customer satisfaction and retention, thus leading to increased
revenue and in turn increased profit. In depth metric driven impact of accurate carrier performance
grading is as following:
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A.)More Accurate Carrier Selection & Reduced Service Failures: Al-driven models analyze
real-time performance metrics, historical data, traffic patterns, and risk factors to assign more
accurate carrier grades. With Al-powered grading, companies have seen a 30% improvement in
carrier selection accuracy, leading to 25% fewer late deliveries and a 20% drop in service failures
[9]. Al also helps prevent over-reliance on underperforming carriers, ensuring that only high-
performing logistics partners are contracted.

B.) Improved Cost Optimization in Logistics Contracts: A key benefit of enhanced carrier
performance grading accuracy is the ability to optimize logistics contracts and negotiate more
favorable freight rates. Studies show that companies using Al-driven carrier performance grading
have achieved a 12-18% reduction in logistics costs by selecting cost-effective and reliable
carriers rather than relying on static contractual agreements [10]. Al also enables dynamic carrier
allocation, shifting shipments to higher-rated, lower-cost carriers based on real-time performance
analytics.

C.) Increased Transportation Efficiency & On-Time Performance: By accurately grading
carriers based on on-time delivery rates, route efficiency, and historical reliability, Al-driven
models help optimize transportation schedules and carrier allocation. Companies implementing
Al-based grading have reported:22% improvement in on-time deliveries, 18% reduction in
shipment delays and 30% lower rate of shipment rerouting due to carrier failures [10]. This
increased accuracy directly improves supply chain flow, reducing disruptions and ensuring
smoother operations.

D.) Enhanced Supply Chain Agility & Risk Mitigation: Al-driven carrier performance grading
improves supply chain resilience by identifying potential risks before they escalate. Compared to
traditional models, Al-enhanced grading provides a 35% increase in risk prediction accuracy,
allowing companies to proactively replace low-performing carriers before they impact logistics
operations [11]. This reduces last-minute carrier changes, emergency shipments, and overall
supply chain volatility. This also directly impacts capacity and demand planning and forecasting
as well.

E.)Stronger Compliance & Sustainability in Logistics

Higher carrier performance grading accuracy also ensures better compliance with regulatory and
environmental standards. Al-driven grading has helped businesses: Increase compliance accuracy
by 28%, Reduce CO: emissions by 15% by prioritizing eco-friendly carriers and Improve carrier
performance monitoring by 40%, ensuring adherence to service-level agreements (SLAS) [11].
By using data-driven grading models, companies can align carrier selection with sustainability
goals, reducing environmental impact while maintaining cost efficiency.

Application of Al driven carrier performance grading

The application of Al-driven carrier performance grading systems extends beyond e-commerce logistics
into sectors such as healthcare, automotive, and manufacturing logistics [7]. In healthcare logistics,
accuratepredictive analytics-basedcarrier performance gradingcan dramatically improve precision in
forecasting demand for critical medical supplies, leading to timely deliveries and optimized inventory

IJLRP25031427 Volume 6, Issue 3, March 2025 7



https://www.ijlrp.com/

g International Journal Research of Leading Publication (IJLRP)
LULRP E-ISSN: 2582-8010 e Website: www.ijlrp.com e Email: editor@ijlrp.com

management. Moreover, healthcare products can be of utmost urgency and hence timely delivery is
crucial considering the severity of this business. Similarly, automotive sectors can achieve reduced
downtime and optimized parts distribution by prioritizing better performing carriers and this will be
more accurate if carrier performance gradingis accurate. Manufacturing sectors can use Al analytics to
manage inventories proactively, they can make sure this happens by providing more business to high
performing carriers since they are reliable to get backfill inventory on time, thus reducing production
delays and enhancing overall productivity. Food and beverage industries do use multiple carriers to
deliver produce, dairy and beverages that need temperature to be controlled and hence are heavily
dependent on accurate carrier performance grading prediction.

Conclusion

Carrier performance grading is essential for effective supply chain management, significantly
influencing operational reliability, efficiency, and competitive advantage. Traditional methods relying on
historical data are limited in predictive accuracy and responsiveness. Predictive analytics, particularly
the XGBoost model, provides a robust solution by offering significant improvements in forecasting
accuracy, operational efficiency, and resource management. Organizations implementing predictive
analytics can anticipate substantial benefits, such as a 25% increase in forecasting accuracy thus
improvement in capacity planning, a 15% reduction in operational costs, and a significant reduction in
operational disruptions. Strategically, adopting Al-driven carrier performance grading systems enables
proactive resource management, enhances customer satisfaction, and sustains competitiveness in the
increasingly complex global logistics environment.
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