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The use of technology in the financial industry has experienced sustained growth in recent years.
However, in many emerging economies, a significant proportion of the population still does not
utilize digital solutions for financial transactions. Promoting financial inclusion through digital
environments is essential for driving social and economic development. This study aims to develop
machine learning models to predict the adoption of digital payments in Latin America and the
Caribbean using statistical data from the World Bank's Global Findex Database for 2021. The
performance of the Random Forest, LightGBM, XGBoost, and CatBoost algorithms was compared,
with the optimal hyperparameter combination identified through Bayesian optimization. The
results show that LightGBM achieved the highest performance in predicting digital payments, with
an Fl-score of 90.25% and a more stable balance between precision and recall compared to the
other models. These findings highlight the value of machine learning models in the financial sector,

Hyperparameter Tuning as they enable a more accurate identification of users adopting digital solutions, facilitating the

design of strategies to strengthen financial inclusion in the region.

© 2025 by the authors; licensee Growing Science, Canada.

1. Introduction

The development of the financial sector is a key driver of economic growth in emerging economies, strengthening market
confidence and expanding access to new financial services (Mollaahmetoglu & Akcali, 2019; Sahay et al., 2015).
Technological innovation plays a crucial role in this process by facilitating financial inclusion for underserved sectors through
efficient and accessible solutions (Bara & Mudzingiri, 2016; Chou, 2007; Qamruzzaman & Wei, 2018). Consequently,
financial institutions are offering improved products, services, and innovative processes for the benefit of their users
(Qamruzzaman & Jianguo, 2017).

Among the most significant advancements in financial innovation are digital payment systems, designed to simplify
transactions through credit and debit cards, online operations, ATMs, and mobile devices (Agarwal et al., 2020; Mabherali,
2017). In particular, mobile payments have great potential to reduce barriers to financial services, especially in developing
economies, where a considerable portion of the population remains excluded from the formal banking system (Patil et al.,
2017).

According to World Bank estimates in Demirgiic-Kunt et al. (2022) approximately 64% of adults globally (aged 15 and older)
made or received at least one digital payment in the past year. This indicator varies widely between high-income and
developing economies, where the percentage of adults reporting the use of digital payments reaches 95% and 57%,
respectively. In Latin America and the Caribbean (LAC), the proportion of adults utilizing digital payments increased from
44% in 2014 to 66% in 2021, signaling a 22-percentage point growth. However, these figures remain lower compared to
regions such as Asia and Europe, where financial ecosystems demonstrate a higher degree of digitalization.
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The LAC context highlights the opportunity to conduct a study employing machine learning techniques to forecast digital
payment usage. Despite the growing interest in this topic, there is a limited number of studies in emerging economies that
assess the performance of different algorithms in predicting the adoption of these technologies in financial transactions.

This study aims to develop and evaluate machine learning models to predict the adoption of digital payments in the LAC
region. This research contributes to the financial sector, particularly to studies on digital financial inclusion, while also adding
to the body of quantitative work that compares the performance of machine learning algorithms in forecasting the use of
digital payment methods. These insights can later be integrated into recommendation systems or applications that facilitate
financial transactions.

Furthermore, this study highlights the positive impact of innovation in the financial industry, as the use of digital channels
reduces operational costs, time, and effort for users (Al-Okaily et al., 2020; Hjelholt & Damsgaard, 2012). Finally,
understanding the factors influencing digital payment adoption provides valuable insights for public policy formulation, as
empirical evidence supports its positive effects on tax collection and transparency, contributing to the reduction of corruption
(Klapper & Singer, 2017; Maherali, 2017; Setor et al., 2021).

The remainder of this paper is organized as follows: Section 2 presents a review of the literature on digital payments. Section
3 describes the methodology used to address the study’s objective. Section 4 presents the results of the machine learning
models. Section 5 discusses the findings, and finally, Section 6 outlines the study’s conclusions.

2. Literature Review

The adoption of digital payments has been analyzed in the literature as a key component of financial inclusion, employing
methodologies that range from traditional statistical approaches to machine learning techniques. Various studies have
identified sociodemographic, economic, and technological factors as determinants of financial inclusion and digital payment
adoption.

At the international level, the research conducted by Lee et al. (2023) in Malaysia applied machine learning models to predict
financial inclusion based on socioeconomic factors and attributes related to digital financial services. Their findings revealed
that Random Forest had the highest predictive capacity, where the main variables driving financial inclusion were income
level, education, the use of digital payments, and online purchases. In the African context, Ismail et al. (2021) found that
XGBoost outperformed other models in forecasting financial inclusion probabilities, showing that access to banking
infrastructure and income level play a crucial role in the adoption of digital financial service.

Rakipi et al. (2023) studied the application of data mining techniques in digital and electronic payment adoption within
Albania’s banking sector through a mixed-methods approach. Their findings indicate that although these tools have gained
relevance, their implementation in financial institutions remains moderate, yet they hold potential for enhancing the sector’s
operational efficiency. In Jordan, Obidat et al. (2022) investigated the continued use of mobile wallets through structural
equation modeling. Their results indicate that perceived usefulness and ease of use positively influenced users' intention to
adopt them on an ongoing basis. Additionally, trust, security, and seamless connectivity emerged as key factors in user
retention.

Regarding the impact of tax incentives on digital payment adoption, Allen et al. (2022) examined this effect through the causal
forest method combined with machine learning algorithms to identify the main predictors in micro, small, and medium-sized
enterprises across countries with different levels of development. The authors highlight that the availability of mobile payment
applications and the digitization of transactions—particularly for employee and supplier payments—enhance the likelihood
of adoption in businesses. Moreover, tax incentives directed at consumers and merchants contributed to the expansion of
point-of-sale terminals in emerging markets.

In the LAC context, financial inclusion and digital payment adoption have been explored through various approaches. In Peru,
Maehara et al. (2024) applied machine learning algorithms to analyze the determinants of financial inclusion, identifying
educational level and access to banking services as significant factors influencing account ownership and usage. Aurazo &
Vega (2021), employing a Heckman probit model, concluded that education and formal employment shape the propensity to
conduct electronic transactions.

Despite advancements in modern predictive models, studies analyzing digital payment adoption in LAC through a machine
learning approach remain limited. Most existing research focuses on financial inclusion without specifically distinguishing
the use of digital services or assessing the performance of different predictive techniques in their estimation. In this regard,
this study aims to bridge this gap by comparing machine learning models using various performance metrics to forecast the
integration of these payment methods into the regional market.

3. Methodology

The following section outlines the stages of data collection, preprocessing, modeling, and model performance evaluation. As
shown in Fig. 1, the process begins with the Extract, Transform, and Load (ETL) phase, during which data was collected from
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The Global Findex Database 2021, published by the World Bank. Next, in the Exploratory Data Analysis (EDA) phase,
variables are described, and missing values are identified. In the preprocessing stage, continuous variables are normalized,
and categorical variables are encoded for integration into the models.

1. ETL 2. EDA 3. Data Preprocessing
q Descriptive statistics Data imputation,
Sloé]‘al Data. e];(ltrac‘llmnt.and and idenfitication of normalization, and
b inbhx vanable selection missing data variable encoding
atabase
\____/ Cross-validation and
>{Trammpltst tunning hyperparameters
Data partitioning and (70%) with Bayesian Optimization
Machine Learning Models \———/
(RF, LGBM, XGB, CatB) Q
> Test set > Accuracy, Fl-score, precision, recall,
\9%)/ and AUC-ROC
4. Training Strategy 5. Evaluation Metrics

Fig. 1. Methodology diagram

To implement these stages, the Python programming language was used, leveraging fundamental libraries for data
management and exploration, including scikit-learn (Pedregosa et al., 2011), pandas (McKinney, 2010), and numpy (Harris
et al., 2020). During the modeling phase, four classification algorithms were trained using machine learning libraries: Random
Forest, LightGBM (Ke et al., 2017), XGBoost (Chen & Guestrin, 2016), and CatBoost (Prokhorenkova et al., 2018).

Hyperparameter tuning was conducted using a Bayesian optimization approach developed by Gardner et al. (2014) to enhance
model performance. Finally, model evaluation was carried out using metrics such as accuracy, fl1-score, precision, recall, and
area under the receiver operating characteristic curve (AUC-ROC), allowing the identification of the model with the highest
predictive capability for digital payment adoption.

Extract, transform and load (ETL)

Data was obtained from the Global Findex Database, developed by the Development Research Group, Finance Unit and
Private Sector Development (2022), which provides information on financial inclusion across 139 countries. This dataset
collects insights on financial service access, usage, and barriers, facilitating the assessment of patterns and trends in digital
payment adoption.

For this study, the unit of analysis consists of individuals aged 15 and older across 19 LAC countries. Relevant variables
influencing digital payment adoption were selected, including sociodemographic and financial characteristics. Table 1
presents the variables used in the model, detailing their type, description, and possible values.

Table 1
Variables used in the digital payment adoption model
Variable Type Description Factor levels or range
Digital . . .. . i
S Binary =~ Made or received a digital payment 0=No, 1=Yes
Gender Binary = Respondent’s gender 1=Male, 0=Female
Age (Centiiy Respondent’s age 15-99

S

Education level Ordinal  Highest level of education attained 1=Primary school or less, 2=Secondary school, 3=Tertiary education or

more
Income quintile  Ordinal =~ Household income quintile 1=Q1, 2=Q2, 3=Q3, 4=04, 5=Q5
Work Binary  Employment status 0=No, 1=Yes
Urban Binary =~ Whether the respondent lives in an urban area 0=Rural, 1=Urban
Population C"m;““"“ Adult (15+) population 2,269,489-168,540,064.
Account at a
financial Binary Respondent has an acc.oupt a.t a bank or at 0=No, 1=Yes
L another type of financial institution
institution
Saved Binary Respondent personally saved or set aside 0=No, 1=Yes
money in the past year

Borrowed Binary  Respondent borrowed money in the past year 0=No, 1=Yes
Mobile phone Binary = Respondent owns a mobile phone 0=No, 1=Yes
Internet Access Binary ~ Respondent has access to the Internet 0=No, 1=Yes

. Geographical region of the respondent's 1 = South America, 2 = Central America, 3 = Caribbean, 4 = North
Region Category

country America
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Exploratory Data Analysis (EDA)

Table 2 displays descriptive statistics for the study variables, including the number of observations, mean, standard deviation,
minimum, and maximum values. Key descriptive statistics reveal that 54% of respondents in LAC have made or received a
digital payment. Regarding gender distribution, data indicates that 42% of respondents are women and 58% are men,
suggesting a slight overrepresentation of males in the sample. The average respondent age is 41 years, with a range spanning
from 15 to 99 years, enabling an analysis of generational differences in digital payment usage.

Table 2
Descriptive statistics
. . Standard .
Variables Observations Mean N Min Max
Deviation

Digital payments 18519 0.54 0.50 0 1
Gender 18519 0.42 0.49 0 1
Age 18498 41.27 17.31 15 99
Education level 18334 1.87 0.67 1 3
Income quintile 18519 3.24 1.42 1 5
Work 18519 0.74 0.44 0 1
Urban 11513 0.80 0.40 0 1
Population 18519 25489919.70 40368029.49 2269489 168540064
Account at a financial institution 18519 0.59 0.49 0 1
Saved 18519 0.42 0.49 0 1
Borrowed 18519 0.44 0.50 0 1
Mobile phone 18472 0.89 0.32 0 1
Internet Access 18457 0.73 0.44 0 1
Region 18519 1.65 0.85 1 4

Educational attainment is primarily distributed among primary, secondary, and higher education levels, with a higher
proportion of individuals having completed at least secondary education. In terms of income, the mean income quintile
suggests that most respondents belong to middle-income strata based on economic distribution.

Regarding financial inclusion, 59% of respondents hold an account at a financial institution, while 42% reported having saved
in the past year, reflecting relevant financial behavior patterns for the study. Additionally, technology access is significantly
high, with 89% of respondents owning a mobile phone and 73% having internet access, indicating a favorable environment
for digital payment expansion in the region.

Data Preprocessing

Before training the models, various preprocessing techniques were applied to enhance data quality. For the variable age,
median imputation was performed, preserving the original distribution without skewing extreme values. For categorical
variables such as education level, urban, mobile phone ¢ internet access, mode imputation was applied, ensuring that the most
frequent values represented missing data coherently with the dataset structure. Additionally, continuous variables such as age
and population were normalized to ensure a uniform scale and prevent models from being influenced by differences in
magnitude. Conversely, categorical variables such as education level, income quintile, and region were transformed using
one-hot encoding.

Training Strategy

To ensure a reliable evaluation of the models, the dataset was split into 70% for training and 30% for testing, maintaining
adequate representation of the target variable in both subsets. Given that the study aims to predict a binary variable, the f7-
score was selected as the primary metric for model selection. This metric provides a balance between precision and recall,
allowing for performance assessment while considering both false positives and false negatives in a balanced manner.

Hyperparameter selection was performed using Bayesian optimization with 10-fold cross-validation. The implementation
utilized the BayesianOptimization function developed by Gardner et al. (2014). This method efficiently explores the search
space by modeling the relationship between hyperparameter values and model performance. Through iterative adjustments,
optimal configurations maximizing predictive capability were identified. Table 3 presents the tuned hyperparameters along
with their respective search ranges for each model.

Following the Bayesian optimization process, each model was trained using the best hyperparameters found. The final
evaluation was performed on the independent test set using Accuracy, F1-score, Precision, Recall, and AUC-ROC to ensure a
comprehensive assessment of model performance.



J. W. Mamani Lopez et al. /International Journal of Data and Network Science 9 (2025) 5

Table 3
Hyperparameter search space for Bayesian optimization
Model Hyperparameter Range Definition
Random max depht (3, 30) Maximum depth of each decision tree. Controls model cpmplexity and risk.of oyerﬁuing
Forest max features (0.1,0.999) Fraction of total features randomly selected for node splitting. Influences diversity in trees

min samples split (3, 25) Minimum number of samples required to split an internal node. Higher values reduce overfitting
num leaves (20, 100)  Maximum number of leaves per tree. A higher value increases model complexity
max depth (3, 15) Maximum depth of a tree, limiting its growth to prevent overfitting

LightGBM feature fraction (0.7,0.9)  Fraction of features randomly chosen for each tree construction
bagging fraction (0.7,0.9)  Fraction of data randomly selected for training each iteration, improving generalization
min split gain (0.001, 0.5) Minimum loss reduction required for a node split. Encourages meaningful splits

min child weight (5,50) Minimum sum of instance weights required in a child node. Helps control overfitting

max depth (3, 15) Maximum depth of each tree, affecting model complexity and overfitting risk
XGBoost gamma (0, 3) Minimum loss reduction required to split a node. Higher values prevent unnecessary splits

colsamples bytree (0.5, 1) Fraction of features randomly selected for constructing each tree

subsample (0.2,0.8)  Fraction of training data randomly sampled before tree growth, reducing overfitting
depth (4, 10) Maximum depth of each tree, influencing model complexity and capacity
CatBoost 12 leaf reg (1, 10) L2 regularization coefficient for leaf values, controlling complexity and reducing overfitting
bagging temperature 0, 1) Controls the level of randomness in data subsampling. Higher values increase diversity
border count (32,255)  Number of splits used to convert numerical features into categorical bins

Evaluation metrics

To measure model performance, commonly used metrics in binary classification problems were employed, described as

follows:

e Accuracy: represents the proportion of correctly predicted observations relative to the total evaluated cases.

e Fl-score: represents the harmonic average of precision and recall, serving as a comprehensive metric to assess a
model’s classification performance by balancing false positives and false negatives.

e Precision: indicates the percentage of positive predictions correctly classified, which is particularly relevant in
contexts where minimizing false positives is a priority.

e Recall: quantifies the proportion of true positive instances that were correctly classified out of all actual positive
cases, indicating the model’s sensitivity in identifying relevant observations.

e  AUC-ROC: measures the model’s capability to differentiate between classes by evaluating the trade-off between the
true positive rate and the false positive rate across various classification thresholds.

4. Results

Table 4 and Figure 2 present the results of the models evaluated on the test dataset. LightGBM achieved the best overall
performance, obtaining the highest f7-score, which reflects an appropriate balance between precision and recall in classifying
digital payment adoption in LAC. Additionally, it recorded the highest accuracy, recall, and AUC-ROC, suggesting a superior
ability to correctly identify both users who adopt digital payments and those who do not.

Table 4
Performance comparison of models on the test set
Model Accuracy F1-score Precision Recall AUC-ROC
Random Forest 88.34 89.62 87.14 92.25 93.81
LightGBM 88.91 90.25 86.79 94.00 94.58
XGBoost 87.87 89.08 87.58 90.64 94.00
CatBoost 87.98 89.29 86.87 91.86 94.07

BEAccuracy M@Fl-score DOPrecision BRecall BMAUC-ROC

100

938

90 883

80

70 |
Random Forest

04.094-6 94.0 94.1

LightGBM XGBoost CatBoost

Fig. 2. Comparative evaluation of classification models
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Although XGBoost exhibited the highest precision, its recall was lower than that of LightGBM, indicating that it identified
fewer positive cases in comparison. Random Forest demonstrated competitive performance, with a solid balance between
recall and precision, while CatBoost produced results similar to XGBoost, with close values across all metrics.

These findings underscore the importance of evaluating multiple metrics, as a model with high precision does not guarantee
optimal classification if its recall is low. Since LightGBM achieves the best balance among these metrics while also presenting
the highest AUC-ROC, it is selected as the most suitable model for the classification task in this study.

Regarding Figure 3, the normalized confusion matrix illustrates the performance of the LightGBM model in classifying digital
payment adoption. The results show that 94.00% of users were correctly identified, as well as 82.80% of non-users. However,
17.20% of individuals who did not adopt this payment method were misclassified as users, while 6.00% of positive cases
were incorrectly assigned to the category of those who neither made nor received a digital payment.

Predicted Labels

90

80

No

70

60

- 50

True Labels

- 40

-30

Yes

-20

- 10

No Yes

Fig. 3. Normalized Confusion Matrix (%)

4. Discussion

The results of this study highlight the potential of machine learning models in predicting digital payment adoption in LAC.
The comparative evaluation of different algorithms revealed that LightGBM achieved the best overall performance due to its
balance between precision and recall. Balancing these metrics is essential for research on digital payment adoption, as
accurately identifying both users and non-users enables the development of effective strategies to promote financial inclusion.

The application of Bayesian optimization for hyperparameter selection was crucial in enhancing model performance.
Automating the search for optimal combinations improved predictive capacity while avoiding manual adjustments or default
configurations. Additionally, the findings demonstrate the importance of achieving a proper balance between precision and
recall when selecting a classification model. While some algorithms achieved high precision, this did not necessarily translate
into optimal identification of positive cases, which could limit their effectiveness in strategies aimed at fostering digital
payment adoption. Evaluating multiple metrics provides a comprehensive view of the model’s generalization capability,
helping to mitigate potential classification biases.

In this regard, implementing models like LightGBM in studies on financial technology adoption can offer valuable tools for
designing strategies targeted at banks, fintech companies, and regulatory entities. The model’s ability to identify patterns
associated with digital payment usage creates opportunities to strengthen financial education campaigns, improve resource
allocation, and expand the reach of these solutions in populations with limited access to digital financial services.

5. Conclusion

This study evaluated the performance of various machine learning models in predicting digital payment adoption in LAC.
Through a comparative analysis based on multiple metrics, LightGBM demonstrated the best performance by offering an
optimal balance between precision and recall, along with superior capability in classifying digital payment users and non-
users. The results underscore the importance of considering multiple evaluation metrics when selecting a classification model,
as prioritizing precision alone may limit the identification of positive cases. The selection of LightGBM as the optimal model
highlights its potential for applications aimed at predicting digital payment adoption, which may be valuable for financial
institutions, technology companies, and policymakers seeking to enhance financial inclusion in the region.

Despite these contributions, this study is limited to machine learning models, highlighting the need for further exploration of
more advanced architectures. Future research could examine the effectiveness of deep learning approaches, such as neural
networks, which may capture more intricate patterns in digital payment adoption. Additionally, integrating explainable Al
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techniques—such as Shapley Value Analysis (SHAP), Local Interpretable Model-agnostic Explanations (LIME), and Feature
Importance methods—could provide deeper insights into the key factors driving digital payment adoption, offering a clearer
perspective on the most influential variables in decision-making.

Addressing these aspects will enhance understanding of digital payment adoption in LAC and contribute to the development
of innovative strategies for promoting digital financial inclusion in emerging economies.
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