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Abstract. Capturing the ability to take part in the payment of forest ecosystem
services by beneficiaries is the result that policy-making agencies are always con-
cerned. This research selects severalmachine learning techniques, including single
classifiers (Multilayer Perceptron, Naive Bayes, SMO) and ensemble classifiers
(LogitBoost, RandomForest, Bagging) to evaluate and classifywillingness-to-pay
intention for mangrove ecosystem services of people in PhuLong commune, Viet-
nam. Research data is inherited from a previous contingent valuation survey, with
a sample size of 235. The results show that the machine learning algorithms are
workt with small sample-size data sets with feasibility prediction results in behav-
ioral intent classification. The LogitBoost model achieves the best classification
performance compared to the remaining models. Besides, socio-psychological
factors are ranked as important factors in classifying behavioral intentions related
to payment for forest ecosystem services.

Keywords: Intention to pay · forest ecosystem services · classification ·
machine learning

1 Introduction

Forest ecosystems provide public goods characterized by non-excluded and non-
competitive nature (Tóth et al., 2010). The value of ecosystem services is often deter-
mined through hypothetical markets (established in the Contingent valuation method)
rather than traditional markets (Asmare et al., 2022; Obeng Aguilar, 2021; Getachew,
2018). There is ample evidence to show that climate change and economic activities
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to maximize forest-related benefits such as logging, land use conversion, and forest
product exploitation is a major causes of the decline in the quality and quantity of for-
est ecosystem services worldwide (Roesch Rabotyagov, 2016; Taylor et al., 2015; Van,
2012; Raudsepp-Hearne et al., 2010).

In climate change, strengthening forest ecosystem services and the potential exploita-
tion of forests has become a global concern in recent decades (IPCC, 2022; Pagiola
et al., 2004; Edward, 2004). According to Obeng Aguilar (2018), when implementing
ecosystem service payment programs, it is necessary to classify and evaluate the pub-
lic’s readiness (willingness to pay) for these programs to ensure the financial viability
of payment programs.

Many statistical analysis methods have been used to identify the critical factors
that affect respondents’ decisions about payment intent related to the environment in a
multivariate regression model (State et al., 2016; Mojiol et al., 2022), Logit regression
model (Pham et al., 2018; Pouta Rekola, 2001), Tobit model (Asmare et al., 2022; Tran
et al., 2002; Pouta Rekola, 2001), Structured models (Li et al., 2015; Lin Syrgabayeva,
2016; Liu et al., 2020). According to Sokratous et al. (2023), probabilistic models come
with awide range of problems stemming from reality, (i)many types of behavior can arise
fromstochastic processes, (ii)many theoreticalmodels have never been explored because
they do not have convenient probability density functions for different combinations of
parameters, (iii) it is challenging to combine all the variables from many questions to
determine conditional probability.

Machine learning models began to be approached as an alternative in several studies
related to paypreferences (Sokratous et al., 2023). Phan et al. (2021) have adopted a logis-
tic regression model and Bayes network to identify determinants that affect willingness
to pay (willingness to pay) for reservoir construction, increasing water prices. Subhan
et al. (2023) also used machine learning and quantum regression approaches to research
willingness to pay to enhance road safety. Ayansola et al. (2022) used K-Nearest Neigh-
bors, Random Forest, Support Vector Machine Decision Tree, and Boosting to model
consumers’ willingness to pay for electricity.

Machine learning methods can use data from a variety of sources or integrate survey
questions into models without transforming or combining survey data (Shen et al., 2021;
Thuy et al., 2021). Besides, when applied to a new situation that has never appeared,
the trained model will make predictions using the trained generalization samples (Crook
et al., 2007; Sokratous et al., 2023). Many studies have shown that machine learning
models can provide information with higher accuracy and reliability than traditional
regression models (Bashar et al., 2023; Zeng et al., 2019; Selz, 2020).

Machine learning algorithms often prioritize large-sample-size data sets due to the
growing capacity of computing systems; the more significant the data size, the greater
the statistical capacity. In addition, recent data collection methods are becoming cheaper
andmore accessible (Vabalas et al., 2019; Raudys Jain, 1991). On the other hand, studies
based on traditional methods, such as contingent valuation (CVM), often require face-
to-face interviews. The US National Oceanic and Atmospheric Administration (NOAA)
recommends that face-to-face interviewsminimize biaswhen implementingCVM.How-
ever this way of implementation often requires significant expense, so large data sam-
ples are often not preferred. Therefore, developing machine learning methods to solve
problems with small datasets needs further exploration.
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Although machine learning methods are increasingly applied to solve environmental
management issues, the literature review shows that it needs to be of more use in classi-
fying human preferences for ecosystem services. The objective of this research are, (i)
to apply machine learning models to classify people’s willingness to pay for mangrove
ecosystem services, (ii) discover whether machine learning models give positive results
on a small-sample-sizes dataset that collected earlier through CVM, (iii) evaluates the
performance results of models with data sets with and without important feature options.

The rest of this study is organized as follows, Sect. 2 proposes the research design.
Section 3 presents the research methodology. Section 4 overviews the research data.
Section 5 presents about research results. Finally Discussion and Conclusion are drawn
in Sect. 6 (Fig. 1).

2 Research Design

2.1 Research Design Diagram

Fig. 1. Research design model (author)
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2.2 Implementation Steps

Step 1, Problems defining.
The research problem can be stated as follows:
For dataset X, X = {x1, x2, x3,…, xn}, n is the number of sample, xn is the vector
including the demographic, socio-economic, and psychological characteristics of the
nth object. Set of classification labels W, W = { w1, w2, w3, ….. wn}; wn e {1; 0}. The
problem is giving correct prediction of a label for each sample of dataset.

Step 2, Data Preprocessing.
Data preprocessing involves transforming raw data into a format the machine can

comprehend. Some specific fields of information in the dataset might lack meaning or
fail to meet the conditions for execution, necessitating removal or normalization.

After preprocessing, the dataset will be cleaned, standardized, and encoded into
categories and sets, as the machine learning model requires.

Step 3.1, Features Selection.
Machine learning models often come with diverse datasets in terms of features.

Feature selection is necessary to ensure accurate predictive results. This work helps
reduce the number of parameters or training time and overfitting issues. It also aims
to achieve a balanced classification and establish the best model with high prediction
capability and minimal error.

Step 3.2. Intention to pay classification.
In this study, single classifiers and ensemble classifiers were chosen for experimen-

tation. The selected single classifiers include Multilayer Perceptron, Naive Bayes, and
SMO (SVO). The selected ensemble classifiers include LogitBoost, Random Forest, and
Bagging. The aim was to evaluate and compare the performance of these classifiers in
the context of the research.
Step 4, Evaluate and compare attribute classification results and model performance.

2.3 Evaluation Metrics

The evaluationmetricsAccuracy, Precision, Recall, and F1-scorewere chosen to classify
and evaluate the performance of the machine learning methods, Accuracy, Precision,
Recall, and F1-score. These metrics are widely used and commonly employed (Goutte
Gaussier, 2005). However, the relative importance of eachmetric depends on the specific
problem and the associated costs related to classification outcomes for each task. These
criteria aremeasured on a scale from 0 (terrible classification) to 1 (perfect classification)
using the following equations,

Accuracy = Number of true predictions

Total number of predictions

Precision = TP

TP + FP

Recall = TP

TP + FN
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F1 − score = 2 x (Precision x Recall)

Precision + Recall

In there, TP, True Positive; TN, TrueNegative; FP, False Positive; FN, FalseNegative.

2.4 Experimental Setups

The k-fold cross-validation technique is employed to assess the predictive performance.
This approach divides the dataset into k subsets of equal size. One subset is used as
validationdata,while the remaining (k-1) subsets are used as trainingdata to parameterize
the models. The training and testing process of the models is repeated until all k subsets
have been used. For this study, the chosen value of k for the models’ execution is 10.

2.5 Tools for Experiments

In this study, the Weka software version 3.8.6 has been chosen as the tool to conduct
machine learning algorithms. Weka also provides tools to preprocess data and select
features in this research.

3 Research Methods

3.1 Single Classifiers Techniques

3.1.1 Sequential Minimal Optimization (SMO)

Sequential Minimal Optimization (or SMO) is an algorithm used for training Support
Vector Machine (SVM), a type of machine learning model commonly used for classifi-
cation and regression tasks (Liang et al., 2017; Naik Desai, 2017). SMO is designed to
efficiently solve the optimization problem of training an SVM, which involves finding a
solution that maximizes the margin between different classes while minimizing classi-
fication errors (Platt, 1998). SMO breaks this problem into a series of smallest possible
sub-problems, which are then solved analytically. Because of the linear equality con-
straint involving the Lagrange multipliers αi, the smallest possible problem involves two
such multipliers. Then, for any two multipliers α1 and α2, the constraints are reduced to,

0 ≤ α1, α2 ≤ C

y1a1 + y2a2 = k

Moreover, this reduced problem can be solved analytically, one must find a minimum
of a one-dimensional quadratic function. k is the negative of the sum over the rest of the
terms in the equality constraint, which is fixed in each iteration. The algorithm proceeds
as follows,

• Find a Lagrange multiplier α1 that violates the Karush–Kuhn–Tucker (KKT)
conditions for the optimization problem.

• Pick a second multiplier α1 and optimize the pair (α1, α2).
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• Repeat steps 1 and 2 until convergence.

When all the Lagrange multipliers satisfy the KKT conditions (within a user-defined
tolerance), the problem has been solved. Although this algorithm is guaranteed to con-
verge, heuristics are used to choose the pair of multipliers to accelerate the convergence
rate, and this is critical for large data sets since a number p represents the possible choices
for αi and αj. This number p is calculated by this formula,

p = n(n − 1)

2

Although SMO was designed for SVM training, it is worth mentioning that there are
other optimization techniques and libraries available that can train SVMs effectively
as well. Nonetheless, SMO remains a foundational algorithm in the SVM literature and
has contributed to the widespread use of SVMs in various machine-learning applications
(Noronha et al., 2019).

3.1.2 Multilayer Perceptron (MLP)

A Multilayer Perceptron is an artificial neural network consisting of multiple layers
of interconnected nodes, or “neurons”. It is a fundamental architecture used in machine
learning and deep learning for various tasks such as classification, regression, and pattern
recognition (Botalb et al., 2018). Neurons within an MLP are organized feedforward,
meaning the data flows from the input layer through the hidden layers to the output layer
without forming any cycles. Each connection between neurons has an associated weight
that the network adjusts during training to optimize its performance on the given task.

Training anMLP involves feeding it with labeled data (input-output pairs) and using
a process called backpropagation to adjust the weights based on the difference between
predicted and target outputs. This iterative optimization process aims to minimize a
chosen loss function, which quantifies the difference between predictions and ground
truth. The two historically common activation functions are both sigmoid functions
which are described by two formulas,

y(vi) = tanh(vi)

y(vi) = (
1 + e−vi

)−1

MLPs are considered shallow neural networks compared to more complex architectures
like convolutional neural networks (CNNs) and recurrent neural networks (RNNs).How-
ever, they can still model various functions and have been used successfully in various
applications.
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3.1.3 Naive Bayes

Naive Bayes is a probabilistic machine learning algorithm for classification and some-
times regression tasks. It is based on Bayes’ theorem and the assumption of conditional
independence among features given the class label (Chaudhary et al., 2016). Despite the
simplifying assumption of independence, Naive Bayes can be surprisingly effective for
many real-world problems. At the core of Naive Bayes is Bayes’ theorem, which calcu-
lates the probability of a hypothesis (class label) given the observed evidence (features).
It is expressed as the below mathematical formula,

p (Ck | x) = p (Ck) * p (x | Ck)

p (x)

The fraction’s numerator plays a vital role in the equation because of the independence
between C and the value of feature xi. It equals to model p (Ck, x1, …, xn). Thus, this
equation was rewritten using the chain rule for repeated applications of the definition of
conditional probability.

p(Ck,X1, . . . ,Xn) = p(X1,X2, . . . ,Xn,Ck)

= p(X1|X2, . . . ,Xn,Ck).p(X2, . . . ,Xn,Ck)

= p(X1|X2, . . . ,Xn,Ck).p(X2|X3, . . . ,Xn,Ck).p(X3, . . . ,Xn,Ck)

= . . .

= p(X1|X2, . . .Xn,Ck). p(X2|X3, . . . ,Xn,Ck).....p(Xn − 1|Xn,Ck)

. p(Xn|Ck). p(Ck)

Naive Bayes has limitations, mainly when the independence assumption does not hold
actual or features are highly correlated (Saritas Yasar, 2019). However, its simplicity,
efficiency, and ability to perform well on specific tasks make it a valuable tool in many
machine-learning applications.

3.2 Ensemble Classifiers Techniques

3.2.1 Logit Boost

Logit Boost is an ensemblemachine-learning algorithm that belongs to the boosting fam-
ily of techniques. Boosting is a method that combines multiple weak learners (typically
simple models) into strong learners, iteratively focusing on the instances that the current
ensemble is struggling to classify correctly (Tehrany et al., 2019). (Tehrany et al., 2019).
Logit Boost is designed for binary classification tasks. Logit Boost can be interpreted as
a convex optimization process. To elaborate, when we aim to obtain an additive model
in the formula (Dettling Bühlmann, 2003),

f =
∑

t

αtht

Thus, the LogitBoost algorithm reduces the logistic loss to the lowest value,
∑

i

log
(
1 + e−yif (xi)

)

Work Process of LogitBoost,
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• Initialization, Initialize the training data weights. Initially, all data points are given
equal weights.

• Iterative Process, LogitBoost performs a series of iterations
• Final Prediction, Thefinal prediction ismade by combining the predictions of allweak

learners in the ensemble, weighted by their corresponding boosting coefficients.

LogitBoost is a robust algorithm that has demonstrated exemplary performance in
various applications. However, tuning hyperparameters is essential to avoid overfitting
and achieve optimal results like other boosting methods.

3.2.2 Random Forest

Random Forest is a powerful ensemble learning algorithm used for classification and
regression tasks in machine learning (Chaudhary et al., 2016). It is particularly effec-
tive for handling complex datasets and producing accurate predictions. The algorithm
belongs to the family of ensemble methods, which combine the predictions of multiple
individual models to create a more robust overall model (Liu et al., 2012).

The initial step in assessing variable importance within dataset A is expressed by the
formula below, First, a random forest is fitted to the dataset. During this fitting process,
the out-of-bag error is calculated for each data point and averaged across the entire
forest. If bagging is not employed during training, this can be replaced with errors from
an independent test set.

Dn = {Xi,Yi}ni−1

To gauge the importance of feature rank j post-training, the values corresponding to
the jth feature rank are permuted across the training data. Subsequently, the out-of-
bag error is recalculated on this perturbed dataset. The critical score for feature rank
j is computed by taking the average of the differences in out-of-bag error before and
after the permutation across all trees. This score is then normalized using the standard
deviation of these computed differences.

Random Forests are widely used in practice and have found applications in various
fields, including finance, medicine, marketing, and more. They are relatively easy to
use and require fewer tunable hyperparameters than other complex algorithms. The
only primary parameter that typically needs to be adjusted is the number of trees in the
ensemble.



62 P. T. Thuy et al.

3.2.3 Bagging

Bagging, short for “Bootstrap Aggregating”, is an ensemble learning technique used to
improve the accuracy and robustness of machine learning models, especially decision
trees (Breiman, 1996). It involves training multiple instances of the same model on
different subsets of the training data and then combining their predictions to make a
final prediction (Yaman Subasi, 2019). The goal of bagging is to reduce overfitting and
increase themodel’s generalization performance. The training process for random forests
employs the fundamental method of bootstrap aggregating, often called bagging, in the
context of tree learners. In the presence of a training set X= x1,…, xn with corresponding
responses Y = y1,…, yn, the bagging procedure involves iteratively selecting a random
sample from the training set, employing replacement, and then constructing trees based
on these samples. This process is repeated B times, and for each iteration b = 1,…,
B, the process begins by initially selecting a random sample, with replacement, of n
training examples from the sets X and Y. This sampled subset is denoted as Xb and
Yb. Subsequently, a classification or regression tree fb is trained using the data from
Xb and Yb. Following the training phase, predictions for previously unseen samples x’
are generated by averaging the predictions derived from all individual regression trees
on x’,

f̂ = 1

B

B∑

b=1

fB
(
x′)

Bagging is not limited to decision trees but can also be applied to other base models
(Yaman Subasi, 2019). As previously mentioned, Random Forest is a specific ensemble
method that uses bagging with decision trees as its base models. Bagging can also be a
foundation for more advanced ensemble techniques like boosting. Overall, bagging is a
powerful tool to enhance the performance and reliability of machine learning models.

4 Research Data

The research data is taken from the survey results of households living in Phu Long
commune, Hai Phong City, Vietnam, in 2022. The survey questionnaire is designed
according to the Contingent valuation method with this dataset. Respondents in the sur-
vey are heads of households. In the interview scenario, respondents were first provided
information about the status of mangroves. After that, they were asked to answer ques-
tions to explore the intention to pay (willingness to pay) for benefiting from mangrove
ecosystem services through the forest payment project.

The database has a sample size of 235. Demographic, socio-psychological factors,
and socio-economic characteristics classify intention to pay. The data structure is sum-
marized in Table 1. The data fields are normalized and labeled to ensure the execution
conditions ofmachine learning algorithms.Onehundred eighty (180) samples are labeled
willing to pay with the value “yes”, and fifty-five (55) samples are labeled unwilling to
pay with the value “no” which are encoded as 1 and 0, respectively.
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Table 1. Data structure

Variables symbol Variables name Measurement

Socio-psychological factors The mean value
of observed variables

Att Attitude Real

Sjn Subjective norms Real

Pbc Perceived
behavioral control

Real

Knl Knowledge Real

Wtp
(predictor
variable)

Willingness to pay for forest
environment service

{1; 0}

Socio-economic characteristics

Age Age of household head Natural number

lnIncome Average household
income/month
(million VietNam Dong)

Real

Edu Education level
of household head

1, Primary school
2, Secondary school
3, High school
4, College
5, University
6, Postgraduate

Gender Gender
of household head

1, Male
2, Female

Job The main occupation
of the household

1, Raising, planting, and exploiting
seafood;
2, Other

Hhsize Number of people
in the household

Natural number

5 Result

Feature selection is crucial in determining relevant features from a dataset for classifica-
tion andpredictionpurposes. The classificationperformance is expected to improvewhen
the dataset contains predictive variableswith high-value contributions. This research uses
two technicals to feature selection, Information Gain and Correlation Attribute Ranking
Filters. From the original dataset, five attributes that significantly influence the dependent
variable are ranked in descending order of importance, as shown in Table 2. The results
indicate that most of the socio-psychological variables play a dominant role in machine
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learning models for classifying willingness-to-pay intention. Only the “income” vari-
able holds relative importance in themodel among the demographic and socio-economic
variables.

Table 2. Ranking values of Information Gain and Correlation Attributes Evaluator

Attributes Information Gain ranking values Correlation
Attributes
ranking values

Att 0.250 0.579

Knl 0.209 0.484

Sjn 0.098 0.366

Pbc 0.072 0.327

Income 0.053 0.274

Job 0.004 0.171

Gender 0.002 0.085

Hhsize 0 0.081

Edu 0 0.052

Age 0 0.048

Table 3 shows the result of using the full 11 parameters (including age, edu, gender,
hhsize, job, pbc, att, knl, sjn, income, wtp) for machine learning models. In this case,
all six selection algorithms obtained relatively good accuracy (≥ 80%). In the Ensemble
classifiers group, the LogitBoost model gave a significantly better accuracy than Bag-
ging and Random Forest. The values achieved were 87.234%, 83.404%, and 87.234%,
respectively.

Table 3. Experimental results of classification of willingness to pay using machine learning
algorithms with full input parameters

Machine learning methods Accuracy Precision Recall F1-Score

Single classifiers

Naive Bayes 84.255% 0.838 0.843 0.840

SMO 84.680% 0.840 0.840 0.830

Multilayer Perceptron 80.000% 0.792 0.800 0.795

Ensemble classifier

LogitBoost 87.234% 0.867 0.872 0.865

Random Forest 84.255% 0.835 0.843 0.836

Bagging 83.404% 0.824 0.834 0.824
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Table 4 shows the results of conducting machine learning algorithms with six (06)
essential parameters selected by two technicals for feature selection before (including
pbc, att, knl, sjn, income, and WTP). After reducing the input parameters, the algo-
rithms in the single classifiers group tended to increase performance, while the ensemble
classifiers group tended to differ from the three (3) algorithms.

After reducing the input parameters, the algorithms in the single classifiers group
increased accuracy, while the ensemble classifiers group tended to differ from the three
algorithms.Multilayer Perceptron has themost impressive change (from 80% to 85.1%).
On the contrary, Random Forest is the only algorithm out of the six models with an
accuracy reduction (84.255% to 82,128%). The LogitBoost model is almost unaffected
regarding results when reducing the number of model input parameters.

Table 4. Experimental results of classification of willingness to pay using machine learning
algorithms and important attribute selection

Machine learning methods Accuracy Precision Recall F1-Score

Single classifiers

Naive Bayes 84.680% 0.845 0.847 0.846

SMO 85.957% 0.856 0.860 0.847

Multilayer Perceptron 85.106% 0.843 0.851 0.844

Ensemble classifier

LogitBoost 87.234% 0.867 0.872 0.865

Random Forest 82.128% 0.819 0.821 0.820

Bagging 83.405% 0.824 0.834 0.824

In both cases, LogitBoost is a model for better results than other methods for all
evaluation indicators, details shown in Table 5. The correct accuracy reached 87.234%,
and the F1-Score values for classes “1” and “0” were 0.920 and 0.688 respectively. The
Precision and Recall scores for the case “willing to pay” is relatively high, respectively
0.865 and 0.956. However, for the case of “not willing to pay”, the Precision and Recall
scores have relative differences. The values are 0.805 and 0.600, respectively.

Table 5. LogitBoost model experimental results (best)

Machine learning methods Accuracy Class Precision Recall F1-Score

Correctly Incorectly

LogitBoost 87.234% 12.766% 1 0.887 0.956 0.920

0 0.805 0.600 0.688

ave 0.867 0.872 0.865
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6 Discussion and Conclusion

Themachine learning algorithms tested in this studyprovidedworkable prediction results
for classifying willingness-to-pay intentions for mangrove ecosystem services. This
outcome enhances comparability and confidence in determining strategies for payment
programs related to the mangrove forest. Experimental results show that LogitBoost
achieved the best performance among the models regarding accuracy and precision
when tested with the research dataset.

Changing the number of attributes has a different effect on performing the tested
machine-learning models. Notably, most models improved performance, with Multi-
layer Perceptron exhibiting themost impressive classification enhancement. Conversely,
Random Forest was the only model to experience a decrease in performance when keep-
ing only the more critical variables. LogitBoost remained unaffected by changes in the
number of input attributes.

Psychological factorswere ranked higher in importance than demographic and socio-
economic factors in classifying willingness-to-pay intentions. Four out of five indepen-
dent variables ranked as important and significant for the classification model belonged
to the psychological group. This underscores that willingness to pay is a behavioral
intention that needs to be examined based on socio-psychological contexts. However,
in this small-sample dataset, the limited number of instances labeled as “not willing to
pay” (55) likely contributed to the relative difference in Precision and Recall scores for
this class. Therefore, combined and enhanced techniques are recommended to further
explore to improve prediction performance of the models.
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