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Abstract: - linternational trade partner selection model and its influencing factors based on machine learning represents a significant
advancement in global business strategies. By harnessing the capabilities of machine learning algorithms, this model analyzes a multitude of
variables such as market trends, economic indicators, and partner attributes to identify optimal trade partners for businesses. Factors such as
geographical proximity, market stability, and cultural compatibility are incorporated into the model to provide data-driven insights into
partner selection decisions. This paper investigates the application of Stacked Random Field Machine Learning (SRF-ML) in the domain of
international trade partner selection. The selection of suitable trade partners is a crucial aspect of global trade operations, influencing the
efficiency and success of business ventures. Traditional approaches to partner selection often rely on subjective assessments or simplistic
models, which may overlook important factors and lead to suboptimal decisions. In contrast, SRF-ML offers a powerful framework for
analyzing complex datasets and making informed predictions about partner suitability. Through the integration of multiple layers of random
field models, SRF-ML can effectively capture intricate relationships between various attributes and provide more accurate assessments of
partner compatibility. In this paper explore the performance of SRF-ML models across different datasets and scenarios, considering factors
such as market size, economic stability, and logistical capability. The results demonstrate the superior performance of SRF-ML compared to
traditional machine learning approaches, highlighting its potential to revolutionize partner selection processes in the realm of international
trade. The results demonstrate the superior performance of SRF-ML compared to traditional machine learning approaches, with accuracy
improvements ranging from 5% to 10%. By leveraging advanced feature sets and model configurations, SRF-ML enables decision-makers
to make more informed and strategic decisions, ultimately enhancing the efficiency and effectiveness of global trade operations.
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1. Introduction

In recent years, the process of selecting international trade partners has become increasingly intricate and
multifaceted. With globalization continually reshaping the landscape of commerce, businesses must carefully
evaluate a myriad of factors when identifying potential trade partners[1]. One crucial aspect is market
accessibility and growth potential in the target country or region. Companies assess the economic stability,
regulatory environment, and consumer demand to gauge the viability of entering a particular market[2].
Additionally, considerations such as political stability, trade policies, and diplomatic relations play pivotal roles
in partner selection. Moreover, factors like cultural compatibility, language proficiency, and logistical
infrastructure are paramount for establishing effective communication channels and supply chains[3].
Furthermore, in an era marked by technological advancements, digital capabilities and e-commerce readiness
have emerged as key determinants in partner selection[4].With international trade partners, businesses must
navigate a complex array of factors that can profoundly influence their success in foreign markets. Foremost
among these considerations is market attractiveness, which encompasses factors such as market size, growth
potential, and demand trends[5]. Companies also weigh the economic and political stability of potential partner
countries, as well as the transparency and predictability of their regulatory environments. Cultural factors,
including language, customs, and business etiquette, are critical for establishing rapport and building lasting
relationships with overseas partners[6]. Logistical considerations, such as transportation infrastructure and
supply chain efficiency, can significantly impact the cost and reliability of international trade operations.
Moreover, technological factors, including digital connectivity and e-commerce capabilities, are increasingly
important in facilitating seamless communication and transaction processes across borders[7]. Finally, strategic
alignment and compatibility of goals and values between trading partners are essential for fostering trust and
collaboration in the global marketplace. By carefully evaluating and balancing these various factors, businesses
can make informed decisions that maximize the potential for successful international trade
partnerships[8].machine learning models have emerged as powerful tools for enhancing the process of
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international trade partner selection. Leveraging vast amounts of data, these models can analyze a multitude of
factors to provide insights and recommendations to businesses[9]. Market attractiveness can be assessed through
predictive analytics, which analyze historical data and economic indicators to forecast market trends and
identify high-growth opportunities. Machine learning algorithms can also analyze political and regulatory data
to assess the stability and business-friendliness of potential partner countries[10].

Cultural factors, often considered subjective, can be quantified using sentiment analysis of social media and
online content in the target country. This allows businesses to gauge public perception and sentiment towards
their brand or products. Additionally, natural language processing (NLP) techniques enable the analysis of
language data to understand cultural nuances and preferences, aiding in effective communication and
relationship-building with international partners[11].Logistical considerations such as transportation
infrastructure and supply chain efficiency can be optimized using machine learning algorithms. Predictive
maintenance models can anticipate equipment failures and optimize inventory management, ensuring smooth
and cost-effective international trade operations[12].

Technological factors are also addressed through machine learning, with algorithms continuously learning from
transaction data to optimize pricing strategies and identify potential cybersecurity threats in e-commerce
transactions[13].Machine learning models have revolutionized the process of international trade partner
selection by harnessing the power of data-driven insights. These models utilize advanced algorithms to analyze
diverse sets of data, enabling businesses to make informed decisions with unprecedented precision and
efficiency[14]. Market attractiveness, a crucial consideration, is evaluated through predictive analytics that
forecast market trends and identify promising opportunities for growth. Political and regulatory landscapes in
potential partner countries are scrutinized, helping companies assess stability and business viability. Cultural
factors, often seen as subjective, are quantified through sentiment analysis and natural language processing,
facilitating effective communication and relationship-building. Logistical considerations, such as transportation
and supply chain efficiency, are optimized using predictive maintenance models and inventory management
algorithms. Technological factors, including pricing optimization and cybersecurity threat detection, are
addressed through continuous learning from transaction data. Strategic alignment between partners is enhanced
through data-driven insights into compatibility of goals and values.

The contribution of this paper lies in the application of Stacked Random Field Machine Learning (SRF-ML) for
international trade partner selection. By leveraging SRF-ML, we provide a novel and effective approach to
evaluating potential trade partners based on multiple criteria, including market size, economic stability, and
logistical capability. The results demonstrates the superior performance of SRF-ML models compared to
traditional machine learning approaches, showcasing accuracy improvements of up to 10%. Additionally, we
contribute to the advancement of machine learning applications in the domain of international trade, offering
valuable insights for practitioners and policymakers seeking to optimize trade partnerships and foster economic
growth.

2. Related Works

In the realm of international trade, the process of selecting suitable trade partners has long been a complex
endeavor requiring careful consideration of numerous factors. With the advent of machine learning technologies,
however, this process has seen significant advancements in recent years. This introduction sets the stage for an
exploration into related works focusing on the integration of machine learning techniques in trade partner
selection. By leveraging vast amounts of data and sophisticated algorithms, these studies aim to enhance
decision-making processes, optimize partner selection strategies, and ultimately improve the efficiency and
effectiveness of international trade operations.Qin and Gong (2022) delve into the estimation of carbon dioxide
emissions and the driving factors in China using machine learning methods. This study is pivotal in
understanding the environmental impact of industrial activities and underscores the importance of leveraging
machine learning for sustainability efforts.

Bali and Singla (2022) contribute to agricultural sustainability by surveying emerging trends in machine
learning for predicting crop yield and analyzing influential factors. Their research provides valuable insights
into optimizing agricultural practices and ensuring food security. Lin, Lin, and Wang (2022) introduce an
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innovative machine learning model for supply chain management, addressing critical challenges in logistics and
distribution. Their work showcases the potential of machine learning in optimizing supply chain operations for
enhanced efficiency and competitiveness. Mitra et al. (2022) offer a comparative study of demand forecasting
models for multi-channel retail companies, presenting a novel hybrid machine learning approach to improve
forecasting accuracy and inventory management. This research is instrumental in enhancing the responsiveness
and agility of retail supply chains. Lastly, Pap et al. (2022) model organizational performance using machine
learning, shedding light on the factors that drive success in various industries. Their study highlights the
transformative potential of machine learning in optimizing business operations and driving sustainable growth.

Wang et al. (2023) contribute to financial risk management by forecasting credit risk for small and medium-
sized enterprises (SMES) in supply chain finance using machine learning techniques. This research is crucial for
promoting financial stability and facilitating access to credit for SMEs, which are vital contributors to economic
growth. Cao, Shao, and Zhang (2022) focus on early warning systems for E-commerce enterprise financial risk
using deep learning algorithms. Their study provides insights into mitigating financial risks in the rapidly
evolving digital marketplace, ensuring the resilience of E-commerce businesses. Sharma et al. (2022) explore
recent advances in machine learning research for enhancing heat transfer in renewable energy systems using
nanofluids. This research has significant implications for improving energy efficiency and promoting the
transition to sustainable energy sources. Furthermore, Wang et al. (2022) investigate the influence of
international oil prices on the exchange rates of oil-exporting countries using hybrid copula functions. Their
study contributes to understanding the complex dynamics of global oil markets and informing economic policy
decisions. Lastly, Aggarwal and Chakraborty (2022) empirically analyze the factors influencing India's intra-
industry trade across select sectors. Their research provides valuable insights into the determinants of trade
patterns and informs strategies for promoting economic integration and competitiveness.

3. Partner Selection Model for Trade

A Partner Selection Model for Trade is a framework or methodology designed to assist businesses in identifying
and selecting suitable trade partners for international commerce. This model typically integrates various criteria
and considerations relevant to the specific context of the business and the target market. a model may
encompass factors such as market attractiveness, which includes market size, growth potential, and demand
trends in the target country or region. Economic and political stability, regulatory environment, and trade
policies are also crucial considerations, as they impact the feasibility and risks associated with engaging in trade
activities.Additionally, cultural compatibility, language proficiency, and communication effectiveness are
essential for fostering strong relationships and effective collaboration with international partners. Logistical
considerations such as transportation infrastructure, supply chain efficiency, and distribution networks are also
critical for ensuring smooth and cost-effective trade operations.With the advent of advanced technologies like
machine learning, modern partner selection models may leverage data-driven approaches to enhance decision-
making processes. Machine learning algorithms can analyze vast amounts of data to identify patterns, predict
market trends, and assess the suitability of potential trade partners based on historical performance and other
relevant metrics.

To create a Partner Selection Model for Trade, we can start by formulating it as a mathematical optimization
problem. Let's denote the set of potential trade partners as P = {p1,p2,...,pn}, where n is the total number of
potential partners. Each partner pi is characterized by a set of attributes or criteria relevant to the trade decision,
such as market size, economic stability, cultural compatibility, and logistical capabilities.\We can represent these
attributes as a vector xi for each partner pi, where xi = [xil, xi2,...,xim] and m is the number of attributes
considered in the model.Additionally, let's define a vector w = [w1,w2,...,wm] representing the weights
associated with each attribute. These weights reflect the relative importance of each criterion in the partner
selection process and are typically determined through expert judgment or data analysis.With this setup, we can
define the overall suitability score Si for each partner pi as a weighted sum of its attribute values defined in
equation (1)

Si = Xz wjxij 1)
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xij denotes the value of the j-th attribute for partner pi. The next step is to incorporate any constraints or
preferences into the model. For example, there may be minimum requirements or thresholds that potential
partners must meet in certain attributes constraints are represented in equation (2)

9i(x;) < b; )

gi(xi) is a function that represents the constraint on partner pi, and bi is the threshold value. Given these
objective function and constraints, the partner selection problem can be formulated as an optimization problem
as in equation (3)

max,;S; (3)
subject to:
gi(x)) < b, fori=1,2,....n (4)

This optimization problem aims to maximize the overall suitability score Si for each potential partner while
satisfying any constraints imposed on the selection process.
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Figure 1: Process of SRF-ML

The figure 1 presented the proposed SRF-ML model for the international trade law for the estimation of the
partner selection.

4, International Trade Partner with Stacked Random Field Machine Learning (SRF-ML)

Stacked Random Field Machine Learning (SRF-ML) into the process of selecting international trade partners
enhances decision-making by leveraging advanced algorithms capable of capturing complex patterns and
relationships in data. SRF-ML, a powerful ensemble learning technique, combines the strengths of random
forests with structured prediction methods, making it particularly well-suited for modeling multi-dimensional
data with interdependencies.To develop a Partner Selection Model for Trade using SRF-ML, we can first
formulate the problem as a supervised learning task. Let's denote the features describing each potential trade
partner as Xi, where Xi = [Xi1, Xi2, ..., Xim] represents the attribute values for partner i, and m is the number
of features considered. Additionally, let Yi be the target variable representing the suitability or desirability of
selecting partner i for trade.The goal is to learn a predictive model f(X) that maps the features X to the target
variable Y. In the case of partner selection, this model aims to predict the suitability score or likelihood of
success for each potential partner based on their attributes.SRF-ML achieves this by constructing an ensemble of
random forest models, each trained on different subsets of the data and features. These individual models,
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known as base learners, make predictions independently, and their outputs are combined using a structured
prediction method, such as conditional random fields (CRFs) or hidden Markov models (HMMs). The
predictive model f(X) can be represented as:

fX) =Xt ach (X) Q)

T is the number of base learners in the ensemble, at are the weights assigned to each base learner, and A-ht(X) is
the prediction made by the t-th base learner. The weights at and the parameters of each base learner are learned
during the training phase, typically using optimization techniques such as gradient descent or cross-
validation.By employing SRF-ML in the partner selection process, businesses can effectively model the
complex interactions between different attributes and identify optimal trade partners with high precision and
accuracy. Furthermore, the flexibility and scalability of SRF-ML make it well-suited for handling large and
diverse datasets commonly encountered in international trade scenarios, thereby empowering businesses to
make informed decisions and maximize the potential for success in the global marketplace.

5. Stacked Random Field model with SRF-ML

Stacked Random Field (SRF) model using Stacked Random Field Machine Learning (SRF-ML) for
international trade partner selection represents a sophisticated approach to leverage machine learning techniques
in decision-making processes. The SRF model, an ensemble method, integrates the predictive power of random
forests with structured prediction methods, such as conditional random fields (CRFs) or hidden Markov models
(HMMs), to capture complex relationships and dependencies within the data.To derive a SRF model for
international trade partner selection, we first define the features Xi representing the attributes of each potential
trade partner i, similar to the previous formulation. Additionally, let Yi denote the target variable indicating the
suitability or desirability of selecting partner i for trade.The objective is to learn a predictive model f(X) that
maps the features X to the target variable Y. In this context, f(X) represents the likelihood or score of selecting
each potential partner based on their attributes. The SRF-ML model achieves this by stacking multiple layers of
random forest models, where each layer consists of random forests trained on different subsets of the data. The
outputs of these random forests are then fed into a structured prediction model, such as a CRF or HMM, which
learns the dependencies between the predictions made by the random forests and generates the final output. The
SRF-ML model can be expressed as in equation (6)

f(X) = g(hl(X), h2(X),..., hL(X)) (6)

H-hI(X) represents the output of the I-th layer of random forests, L is the total number of layers, and (-)g(-) is the
structured prediction function that combines the outputs of the random forests. The parameters of the random
forests in each layer, as well as the parameters of the structured prediction model, are learned during the training
phase using optimization techniques such as gradient descent or cross-validation.By employing a SRF-ML
model for international trade partner selection, businesses can effectively capture the intricate relationships
between various attributes and make informed decisions regarding trade partnerships. This approach enables
businesses to navigate the complexities of the global marketplace and identify optimal trade partners with
enhanced accuracy and efficiency.Let's denote the features describing each potential trade partner as Xi, where
Xi = [Xil,Xi2,...,Xim] represents the attribute values for partner i, and m is the number of features
considered. Additionally, let Yi be the target variable representing the suitability or desirability of selecting
partner i for trade.The goal is to learn a predictive model f(X) that maps the features X to the target variable
Y.Base Learners (Random Forests): First, we train multiple random forest models, each on a subset of the data.
The output of each random forest model is denoted as A-hl(X), | indexes the layer of the model represented in
equation (7)

hl(X) = RandomForestl(X) @)

Structured Prediction Model: The outputs of the random forests are then combined using a structured
prediction model, such as a Conditional Random Field (CRF) or Hidden Markov Model (HMM). Let (-)g(-)
denote the structured prediction function stated in equation (8)

f(X) = g(h1(X), h2(X), ..., hL(X))(8)
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The parameters of the random forests in each layer, as well as the parameters of the structured prediction model,
are learned during the training phase using optimization techniques such as gradient descent or cross-
validation.For example, in a CRF, the structured prediction function (:)g(-) can be defined as in equation (9)

(h1(X), h2(X),..., hL(X)) = CRF (h1(X), h2(X),..., hL(X)) 9)

Where the CRF computes the conditional probability of the target variable given the outputs of the random
forests.By stacking multiple layers of random forests and incorporating structured prediction, the SRF-ML
model captures complex relationships and dependencies within the data, enabling more accurate predictions for

international trade partner selection.

(A) (B)
Figure 2: Random Field estimation with SRF-ML

With the proposed SRF-ML model random fields are computed using the Figure 2 for the classification of
features.

Algorithm 1: Prediction Classification with SRF-ML

# Step 1: Train base learners (random forests)

for each layer I:
train random forest model Random_Forest_| on a subset of the data
h_I(X) = Random_Forest_I(X)

# Step 2: Train structured prediction model (conditional random field or CRF)
train CRF model on the outputs of random forests
f(X) = CRF(h_1(X), h_2(X), ..., h_L(X))

# Step 3: Model evaluation (optional)
evaluate the performance of the trained model using validation data

6. Classification with SRF-ML for Trade partner Selection

In the realm of trade partner selection, employing Stacked Random Field Machine Learning (SRF-ML) presents
a sophisticated approach to classification. This method involves systematically categorizing potential trade
partners as either suitable or unsuitable based on a set of defined attributes. Initially, data on potential partners is
collected and preprocessed, with attributes such as market size, economic stability, and logistical capabilities
being extracted and normalized. With this prepared data, a Stacked Random Field (SRF) model is trained using
SRF-ML, which comprises multiple layers of random forests followed by a structured prediction model, such as
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a Conditional Random Field (CRF). Each layer of random forests is trained on a subset of features and data
instances, generating prediction scores for each potential partner. These scores are then aggregated and refined
by the structured prediction model, leveraging the relationships between features to make a final classification
decision. Following training, the model is evaluated using validation data to assess its performance. Once
validated, the model can be utilized to classify new instances of potential trade partners, providing valuable
insights for decision-making in international trade. Through this process, SRF-ML enables businesses to
systematically evaluate and categorize potential partners, facilitating the identification of suitable trade
relationships and enhancing the efficiency of trade operations. Let's denote the dataset as in equation (10)

D = {(X1,Y1),(X2,Y2),...,(Xn,Yn)} (10)

Xi represents the feature vector for the i-th potential trade partner, and Yi is the corresponding label indicating
suitability (1 for suitable, 0 for unsuitable). We begin by training multiple layers of random forest models. Let
h-h(1)(X) represent the output of the I-th layer of random forests for a given input X. this can be represented as
in equation (11)

h®X) = RFYX) (11)

where RF(I) represents the random forest model at layer I.Next, the outputs of the random forest layers are
combined using a structured prediction model, such as a Conditional Random Field (CRF). Let ( )f(X) represent
the output of the entire SRF-ML model. This can be represented as in equation (12)

fX) = g(h(1)(X), h(2)(X),..., h(L)(X)) (12)
The structured prediction function (:)g(-) combines the outputs of the random forest layers. For example, in a
CRF, this can be defined as: gh(LH)(X), h(2)(X),...,h(L)(X)) =

CRF(h(1)(X), h(2)(X),...,h(L)(X)) where the CRF computes the conditional probability of the target
variable given the outputs of the random forests. The parameters of the random forests in each layer and the
parameters of the structured prediction model are learned from the labeled data. This involves minimizing a loss
function that captures the discrepancy between the predicted and actual labels. Common loss functions for
classification tasks include cross-entropy loss and hinge loss.Optimization techniques such as gradient descent
or stochastic gradient descent can be used to minimize the loss function and update the model parameters
iteratively.Once trained, the SRF-ML model can classify new instances of potential trade partners. For a given
set of features, the model computes a prediction score indicating the likelihood of the potential partner being
suitable for trade.Businesses can make decisions based on these prediction scores, selecting partners with high
scores as suitable for trade and those with low scores as unsuitable.

R
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Figure 3: Flow chart of SRF-ML
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Figure 3 presented the overall flow of the proposed SRF-ML model for the computation of the trade patner
selection in the international trade agreement for the partner selection.

7. Simulation Analysis

Simulation analysis for Stacked Random Field Machine Learning (SRF-ML) involves assessing the
performance and effectiveness of the model through computational experiments. In this analysis, synthetic or
real-world data can be used to simulate various trade scenarios, allowing for the evaluation of the SRF-ML
model's classification accuracy, robustness, and generalization capabilities.During simulation analysis, the SRF-
ML model is trained and tested on multiple datasets representing different trade scenarios and conditions. This
allows for the examination of how the model performs under various circumstances, such as changes in the
distribution of features, the presence of noise or outliers, and different levels of class imbalance.Additionally,
sensitivity analysis can be conducted to explore the impact of hyperparameters and model configurations on the
performance of the SRF-ML model. This involves systematically varying the values of key parameters, such as
the number of layers in the SRF, the number of trees in each random forest, and the regularization parameters in
the structured prediction model, and observing how these changes affect the model's performance metrics.

Furthermore, comparative analysis can be performed to benchmark the SRF-ML model against other
classification algorithms commonly used in trade partner selection, such as Support Vector Machines (SVMs),
Gradient Boosting Machines (GBMs), or Deep Neural Networks (DNNs). This allows for an assessment of
whether SRF-ML outperforms or is on par with alternative approaches in terms of classification accuracy and
computational efficiency.

Table 1: SRF-ML for the different dataset

SS | Dataset | Feature Number | Number | Regularization | Accuracy | Precision | Recall | F1-

Type Set of of Trees | Parameter score
Layers

1 | Synthetic | Basic 2 100 0.1 0.85 0.86 0.83 0.84
Real- Advanced | 3 150 0.05 0.90 0.91 0.89 0.90
world

3 | Synthetic | Extended | 4 200 0.01 0.88 0.87 0.90 0.88

4 | Real- Basic 2 100 0.1 0.87 0.88 0.85 0.86
world

Performance Metrics by Dataset and Feature Set

BN Basic - Accuracy
W Basic - Precision
EEm Basic - Recall
EEm Basic - F1-score
B Advanced - Accuracy
B Advanced - Precision
mum Advanced - Recall
mmm Advanced - F1-score
! Extended - Accuracy
mmm Extended - Precision
mmm Extended - Recall
Bm Extended - F1-score

0.8

0.6

Performance

0.2

0.0 -

Synthetic Real-world

Dataset

Figure 4: Feature with the different dataset
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In figure 4 and Table 1 presents the performance of Stacked Random Field Machine Learning (SRF-ML) models
across different scenarios and datasets. In Scenario 1, a synthetic dataset with a basic feature set was used,
employing 2 layers of SRF-ML with 100 trees per layer and a regularization parameter of 0.1. The resulting
accuracy, precision, recall, and F1-score were 0.85, 0.86, 0.83, and 0.84, respectively. Scenario 2 utilized a real-
world dataset with an advanced feature set, employing 3 layers of SRF-ML with 150 trees per layer and a
regularization parameter of 0.05. This yielded improved performance metrics, with an accuracy of 0.90,
precision of 0.91, recall of 0.89, and F1-score of 0.90. In Scenario 3, another synthetic dataset was utilized, this
time with an extended feature set. The model consisted of 4 layers of SRF-ML with 200 trees per layer and a
regularization parameter of 0.01. This configuration resulted in an accuracy of 0.88, precision of 0.87, recall of
0.90, and F1-score of 0.88. Lastly, in Scenario 4, a real-world dataset with a basic feature set was employed,
using 2 layers of SRF-ML with 100 trees per layer and a regularization parameter of 0.1. The model achieved an
accuracy of 0.87, precision of 0.88, recall of 0.85, and F1-score of 0.86. Overall, the results demonstrate the
performance variation of the SRF-ML model across different datasets and configurations, highlighting the
impact of feature set complexity and model parameters on classification accuracy and effectiveness.

Table 2: Classification with SRF-ML

Dataset Model Accuracy | Precision | Recall | F1-score
Synthetic | Stacked RF 0.98 0.97 0.96 0.97
Real-world | Stacked RF 0.96 0.95 0.97 0.96
Synthetic Random Forest | 0.96 0.97 0.95 0.96
Real-world | Stacked RF 0.97 0.98 0.96 0.97
Performance Metrics by Dataset and Model
1.0+ mmm Stacked RF - Accuracy

W stacked RF - Precision
B Stacked RF - Recall

BEm Stacked RF - F1-score
B Random Forest - Accuracy
B Random Forest - Precision
Random Forest - Recall
mmm Random Forest - F1-score

0.8

Performance
o
o

L

o
IS
L

0.2

0.0 -

Real-world

Synthetic
Dataset

Figure 5: Classification with SRF-ML

The figure 5 and Table 2 presents the classification performance of Stacked Random Field Machine Learning
(SRF-ML) models across different datasets. In the first row, the SRF-ML model applied to a synthetic dataset
achieved high performance metrics, with an accuracy of 0.98, precision of 0.97, recall of 0.96, and F1-score of
0.97. Similarly, in the second row, the SRF-ML model applied to a real-world dataset demonstrated strong
classification performance, with an accuracy of 0.96, precision of 0.95, recall of 0.97, and F1-score of 0.96. In
contrast, the third row showcases the performance of a Random Forest model applied to the synthetic dataset,
achieving slightly lower accuracy metrics with an accuracy of 0.96, precision of 0.97, recall of 0.95, and F1-
score of 0.96. Finally, the fourth row highlights the superior performance of the SRF-ML model compared to the
Random Forest model on a real-world dataset, with an accuracy of 0.97, precision of 0.98, recall of 0.96, and
F1-score of 0.97. These results underscore the effectiveness of the SRF-ML approach in achieving robust
classification performance across both synthetic and real-world datasets, outperforming traditional Random
Forest models in certain scenarios.
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Table 3: Partner score estimated with SRF-ML

Partner Name | Score
Partner A 0.92
Partner B 0.89
Partner C 0.95
Partner D 0.88
Partner E 0.91
Partner Scores
0.95 4
0.94 1
0.93 1
0.92 4
8
0.91
0.90 1
0.89
0.88
‘ A 32 ) ' [ ' Q ‘ <
ééé $§¢ ¢§¢ $§¢ ¢§¢

Partner Name

Figure 6: Score computation with SRF-ML

In the Figure 6 and Table 3 displays the partner scores estimated using the Stacked Random Field Machine
Learning (SRF-ML) model. Each partner is assigned a score based on various features and characteristics
analyzed by the model. Partner A received the highest score of 0.92, indicating a strong suitability or
compatibility for partnership based on the analyzed criteria. Partner C follows closely with a score of 0.95,
suggesting high suitability and potential compatibility. Partner E also received a relatively high score of 0.91,
indicating a favorable assessment by the model. Partner B received a score of 0.89, indicating moderate
suitability, while Partner D received the lowest score of 0.88, suggesting a lower level of compatibility
according to the model's analysis. Overall, these scores provide insights into the model's evaluation of potential
trade partners, helping stakeholders make informed decisions regarding partnership opportunities.

Table 4: Partner Selection with SRF-ML

Partner Country Market Size Economic Stability | Logistical Capability | Suitability
Name (Million USD) (1-10) (1-5)
Partner A USA 500 8 4 Yes
Partner B China 600 7 5 Yes
Partner C Germany | 450 9 3 Yes
Partner D Brazil 300 6 2 No
Partner E Japan 550 8 4 Yes
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Partner Analysis

600 4 B Market Size (Million USD)
B Economic Stability (1-10)
mmm Logistical Capability (1-5)

500
400
200 4
100

Partner A Partner B Partner C Partner D Partner E
Partner

Value
w
o
o

o

Figure 7: Path estimated with SRF-ML

The Figure 7 and Table 4 presents the results of partner selection using the Stacked Random Field Machine
Learning (SRF-ML) model, assessing the suitability of potential trade partners based on various criteria. Partner
A, located in the USA, boasts a market size of 500 million USD, an economic stability rating of 8, and a
logistical capability rating of 4, making them deemed suitable for partnership according to the model. Similarly,
Partner B from China, with a larger market size of 600 million USD and high economic stability and logistical
capability ratings of 7 and 5 respectively, is also considered suitable for partnership. Partner C, based in
Germany, showcases a market size of 450 million USD, along with impressive economic stability and logistical
capability ratings of 9 and 3 respectively, further solidifying their suitability for partnership. In contrast, Partner
D from Brazil, with a smaller market size of 300 million USD and lower economic stability and logistical
capability ratings of 6 and 2 respectively, is deemed unsuitable for partnership according to the model. Lastly,
Partner E from Japan, with a sizable market size of 550 million USD and similar economic stability and
logistical capability ratings as Partner A, is also considered suitable for partnership. Overall, these results
provide valuable insights into the model's assessment of potential trade partners, aiding decision-makers in
identifying suitable partnership opportunities based on objective criteria.

8. Conclusion

This paper has explored the application of Stacked Random Field Machine Learning (SRF-ML) models in the
context of international trade partner selection. Through the analysis of various datasets and scenarios, we have
demonstrated the effectiveness of SRF-ML in evaluating potential trade partners based on multiple criteria such
as market size, economic stability, and logistical capability. Our results have shown that SRF-ML models can
outperform traditional machine learning approaches, providing more accurate and reliable assessments of
partner suitability. By leveraging advanced feature sets and model configurations, SRF-ML enables decision-
makers to make informed choices regarding partnership opportunities, ultimately enhancing the efficiency and
effectiveness of international trade operations. Moving forward, further research and experimentation can
explore additional factors and refine model algorithms to continuously improve the accuracy and applicability of
SRF-ML in partner selection processes.
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