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Abstract
Many economically active individuals struggle to manage their personal finances due to a
lack of personalized technological tools that enable them to anticipate financial behavior.
This article addresses this issue by presenting a machine learning model to predict financial
habits and saving propensity. A hybrid methodology was used that integrates CRISP-DM
(Cross-Industry Standard Process for DataMining) to structure the data science process and a
framework for agile software development (SCRUM) for agile project management. Heuris-
tic rules were defined to create two variables: “Financial Habits Level” (multi-class, 1–5) and
“Savings Propensity” (binary), based on sociodemographic and financial data. Seven super-
vised classification algorithms were compared, and XGBoost was selected as the best algo-
rithm, as it uses advanced techniques such as SMOTE (Synthetic Minority Over-Sampling
Technique) and a machine learning hyperparameter optimization technique to find good
combinations of a model’s hyperparameters by randomly testing different configurations and
evaluating them via cross-validation (RandomizedSearchCV), and then rigorously evaluated
using an independent test set. The “Financial Habits Level” model achieved an accuracy of
80%, while the “Savings Propensity” model achieved an accuracy of 94.5% and a ROC-AUC
(Receiver Operating Characteristic - Area Under the Curve) of 0.9920, demonstrating high
predictive power.

Keywords: Financial habits, Propensity, Machine learning, prediction, CRISP-DM, Scrum,
XGBoost.

1. INTRODUCTION

Various studies have shown that combining structured methodologies, such as CRISP-DM and
SCRUM, yields consistent results in the development of predictive and management systems [1,
2]. They report successful experiences in applying CRISP-DM for disease classification, idea
mining, etc., and emphasise the importance of a rigors process in data preparation and modelling.
Conversely, [3] suggests a modification to CRISP-DM that aims to guarantee high quality in the
analytical process, further validating the flexibility and applicability of this approach in data science.

Machine learning models are being applied in the financial sector [4, 5] to develop more accurate
predictions of customer behavior and price forecasting. Their reported outcomes indicate trat predic-
tive systems have the potential to substantially improve the decision-making processes of financial
institutions by providing more accurate estimates on customer behavior and requirements.

Today, individuals from diverse socioeconomic backgrounds face difficulties in efficiently man-
aging their personal finances. Users’ ability to understand and predict their own financial habits
is hampered by variations in financial literacy, behavioral biases, and the absence of accessible,
personalized digital tools. Dedicated IT tools for analysis, visualization and predictive modelling
are often short-sighted, simply collecting financial data while overlooking socioeconomic diversity,
thus limiting their ability to guide real-world decisions that are static and limited across a range of
environments. The strength of an intelligent platform and machine learning models is in the balance
between the data rigour (quality), interface usability and the unprecedented hybridization ofmethod-
ologies (CRISP-DM and SCRUM). This integration between data science and data engineering is
necessary, otherwise the predictive and educational capabilities are stunted.
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The present proposal develops an advanced predictive model (XGBoost, Random Forest and ANN)
adapted to the socioeconomic context of the city of Lima. The value is in the balance of predicting
financial habits, with the use of advanced analytical capabilities to make a direct human impact
through education and financial self-management for users that are using financial services on a
continuous basis.

2. RELATEDWORK

The scientific literature has increasingly addressed the application of machine learning methods to
predict financial behavior in recent years. Initial studies have shown that machine learning models
are capable of identifying patterns in spending decisions, debt accumulation, and consumer pref-
erences through economic and behavioral characteristics. Thus, in [4, 6], and [7], neural networks
have been used to analyze cognitive processes related to financial decisions, while more traditional
applications, such as the rejection inference methods used in credit scoring, remain relevant due to
their statistical robustness [3]. Studies employing deep learning approaches to financial data and
external economic data achieved significantly higher accuracy but with lower interoperability [5, 8].

Likewise, various studies have included the analysis of data from social media, financial news, and
transaction records. In [7], it is explored that financial transactions reflect users’ economic trends,
while [9] uses models to extract relevant information from the web and create predictions based
on textual patterns. On the other hand, it is known that machine learning can generate, through its
algorithms, factors associated with saving, planning, propensity, and financial risk, as can be seen
in the works of [10] and [11]. However, many of these studies are conducted on global variables,
which limits their generalizability to local contexts.

A systematic review of the literature on tools and methodologies for integration and application
in the field of data mining and software engineering is important. In [12], an explicit integration
between CRISP-DM and SCRUM is proposed, enabling the articulation of iterative cycles of model-
ing, evaluation, and deployment. The papers [1] and [2] discuss the difficulties inmanagingmachine
learning projects and emphasise the need for continuous iterations to adapt models to new data used
for testing. Thesemethodological proposals are of great importance for predictive systems, although
until now there are few practical cases in the financial domain.

Regarding the architectures and technologies studied, layered architectures [7, 13], API-based ser-
vices to connect models with user interfaces [14, 15], and microservices to allow predictive com-
ponents to scale independently [5, 16] are preferred. Implementations generally use Python for
modeling, web frameworks such as Django or Flask, SQL/NoSQL databases, and MLOps tools
that ensure automation and traceability [6, 13, 17]. Additionally, there has been growing interest
in security and privacy mechanisms [18], which are particularly relevant for handling sensitive
financial data.

Significant limitations to the deployment of financial predictive models in real-world contexts in-
clude the lack of reliable local data [19, 20], regulatory constraints regarding the use of user-
sensitive personal data [11, 21], and gaps in digital and financial literacy [10]. Technological and
infrastructure issues have also been extensively documented in [22, 23], while other studies warn
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of the lack of sustainability of the developed models due to budgetary constraints for creation and
maintenance [3, 14].

Conclusion: The literature reviewed provides evidence thatmachine learning can substantially aid in
the understanding and prediction of financial behaviors. There is consensus that in order to have an
impact, these solutions require methodological and contextual adaptation. Unlike previous studies,
this research integrates the most recent financial behavior theories, merges CRISP-DM and SCRUM
to establish an instructional design for model development, and contextualizes the framework within
the Peruvian setting of Metropolitan Lima, fulfilling the methodological, infrastructural, and tech-
nological requirements for framework adoption.

3. METHODOLOGY

In this research, a robust machine learning model was created based on solid practices from CRISP-
DM and SCRUM agile methodologies, as described in [24], to predict the residents of Metropolitan
Lima’s financial habits and saving tendencies. The model offers empirical personalized feedback
and aids users in effectively and easily analyzing behavioral financial patterns in order to assist users
in the optimization process (FIGURE 1).

Figure 1: CRISP-DM phases within the SCRUM framework [25]

The model estimates saving propensity and financial habits in the city of Lima using transactional
and sociodemographic data, identifying patterns to deliver automated and personalized assessments.
It integrates pre-processing, feature engineering and the XGBoost algorithm (tuned with SMOTE
and Grid/RandomizedSearchCV),m within a CRISP-DM/SCRUM methodological framework that
ensures a robust and flexible development process.
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3.1 The CRISP-DMMethodology for Model Development

3.1.1 Business understanding

Two predictive tasks in this phase:

1. Develop a model using multiclass classification that assigns financial habits levels to users on
an ordinal scale. The levels would range from ’1 = Very Poor’ to ’5 = Very Good.’. This will
help segment user behavior.

2. Binary classification: develop a model to predict the user’s saving propensity (0 = low propen-
sity, 1 = high propensity). This will facilitate the identification of specific profiles for making
recommendations or carrying out interventions.

The measure of success will be the predictive ability of the model. Later phases will use Accuracy
and F1-Score as metrics to evaluate the success. A first plan is defined, which incorporates CRISP-
DM phases within an agile development framework (SCRUM). Specific sprints will be dedicated
to the CRISP-DM phases of Understanding, Preparation, Modelling and Evaluation, allowing for
iterative and incremental development of the model.

3.1.2 Data understanding

The analysis process begins from the initial data collection, being a stage in which the need to obtain
representative information of the population of Metropolitan Lima is identified. These data were
obtained through a survey of key sociodemographic and financial characteristics, including age,
gender, education level, income, expenses, savings, debt, and use of financial products.

This is followed by a detailed description of the dataset where the types of variables available are
considered and their behaviour analysed using frequency distributions, graphs such as histograms
and boxplots as well as basic statistics that enable an understanding of general trends and levels of
variability.

In the exploratory phase, correlation matrices for numerical data and contingency tables for categor-
ical data are used to investigate preliminary relationships between variables. The aim is to identify
relevant predictors of financial habits or the saving propensity.

The dataset was collected using a questionnaire. To evaluate the models, 20% of the data (500
records) was set aside; these records were not used for training or cross-validation and retained a
stratified distribution of classes. This procedure allowed for an unbiased evaluation of the models

3.1.3 Data preparation

This is a key stage where raw data are transformed to be used by machine learning algorithms.
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• Data selection: The final variables to include in the modelling are selected based on the results
of the exploration and knowledge of the personal finance field. Variables that are redundant
or have little predictive power can be dropped.

• Data cleaning: The defined strategies are applied to handle missing data (e.g., by imputation
with mean or median, or by removal of records) and outliers (e.g., by winsorization, removal,
or logarithmic transformation). Consistent formats (e.g. dates and currencies).

• Data construction (feature engineering):

– Transformation of existing variables: Categorical variables are converted to numerical
form. If the variable is nominal, e.g. Gender or Education Level, we use one-hot en-
coding (i.e. dummy variables). Ordinal variables, such as “Card Usage Frequency,” are
mapped to whole numbers (from 1 to 5). Absolute monetary variables (e.g., “monthly
savings” or “monthly debt”) are converted to income-relative variables (percentages)
so that the information is normalised and comparison across individuals with different
income levels is possible.

– Creation of target variables (application of heuristic rules): an important step to turn
business knowledge into measurable variables.

* Financial Habits Level (Score_H ? ordinal 1–5): A heuristic formula is defined
that weights positive factors (such as a high percentage of savings) and negative
factors (such as a high percentage of debt and a high frequency of credit use). The
result (SCORE_H) is transformed into a balanced ordinal variable by dividing the
distribution into quintiles (each level represents approximately 20% of the sample).

* Saving propensity (Score_A ? binary 0-1): another heuristic formula is defined that
positively combines the percentage savings rate and budgeting discipline and nega-
tively combines the debt level. SCORE_A, or the raw score, is transformed into a
balanced binary variable using the median as the cutoff point (approx. 50% in class
0 and 50% in class 1).

• The final dataset contains only the transformed predictor variables and the two created target
variables (“Financial Habits Level” and “Savings propensity”). Dummy, ordinal, and percent-
age variables are included in the final dataset. Intermediate variables for calculation purposes
only (e.g., SCORE_H and SCORE_A) are excluded in the final dataset. The final dataset
is then exported to an appropriate format (CSV) to prepare for the next phase in the project
(modeling).

3.1.4 Modeling

In this phase, predictive models are selected, constructed, and subjected to an initial evaluation.

• Selection of modeling techniques: A family of supervised classification algorithms is selected.
For this specific problem, a set of models is chosen to enable comparative evaluation of their
performance:

– Linear: Logistic Regression (noted for its interpretability).
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– Tree-based models: Decision Tree (interpretable), Random Forest (robust), Gradient
Boosting, XGBoost (high performance).

– Others approaches: K-Nearest Neighbors (KNN), Support Vector Machine (SVM).

• Test Design Generation: A rigorous protocol is defined to ensure unbiased evaluation of the
models:

– Train-Test Split: The prepared dataset divided into a training set (80%) and a test set
(20%). The split must be stratified with respect to the target variable to preserve class
proportions in both subsets. A fixed random seed (random_state) is used to guarantee the
reproducibility of the results.

– Cross-Validation: A 5-fold stratified cross-validation procedure is applied to the training
set to obtain a more robust estimate of model performance and to support hyperparameter
tuning. Stratification is also required cross-validation to maintain the distribution of the
target variable across folds.

• Model Construction:

– Baseline Training: Train all selected algorithms on the training set with their default
hyperparameters.

– Dealing with Imbalance: The target variables were intended to maintain some degree
of equilibrium. If significant residual inequality is identified, particularly prior to the
conclusive optimization, methods such as SMOTE (Synthetic Minority Over-sampling
Technique) on the training data are implemented.

– Hyperparameter Optimization: For the remaining selected algorithms (such asXGBoost),
utilize GridSearchCV (complete enumeration of the hyperparameters) or Randomized-
SearchCV (random search, more efficient while exploring large spaces) to define the
optimal hyperparameter (such as learning_rate, n_estimators, max_depth) configuration
that improves the target evaluation metric with cross-validation (Accuracy, F1-score).

• Preliminary Evaluation: Model’s performance metrics must be evaluated on an ongoing basis.
Metrics for this problem include Accuracy, Precision, Recall, F1-score, and Classification
Behavior as derived from a confusion matrix. For probabilistic models, the model’s discrimi-
native ability was evaluated using the AUC-ROC.

3.1.5 Evaluation

This phase focuses assesses the final model(s) in terms of how well they business objectives.

• Evaluation of Results: Each target variable’s final optimized model is assessed using the test
set, which includes data the model is unfamiliar with. Relevant metrics are calculated:

– For Variable 1 (Multiclass): Overall Accuracy and the evaluation metrics Precision,
Recall, and F1 per class, along withMacro andWeighted averages, and ConfusionMatrix
are calculated.
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– For Variable 2 (Binary): Accuracy, Precision, Recall, F1-Score, ROC-AUC, and Confu-
sion Matrix are computed.

• Process Review: Compare outcomes produced on the test set with the success criteria outlined
in Business Understanding. Here, we assess if the performance is satisfactory for the job in
the application (e.g. whether 80% accuracy is sufficient to issue financial recommendations).
We analyse the previous phases to assess the model’s strengths and weaknesses (e.g. in which
scenarios do the predictions perform well/poorly?). Which variables do you think are the most
important?

• Determining Next Steps:

– Deploy: If the model satisfies the set criteria.
– Iterate: If the model is in need of enhancements (for example, return to Data Prepara-
tion to generate additional features, experiment with more advanced and intricate model
architectures, gather supplementary data).

– Abandon: If the model perpetually cannot meet even the minimally acceptable perfor-
mance level.

3.2 Data Labeling and Heuristic Rules

This section elucidates the core conceptual frameworks that guide the Data Preparation phase of
CRISP-DM, particularly Data Construction (Feature Engineering). It identifies the input variables
and the heuristic rules established for the construction of the preliminary target variables.

3.2.1 Analysis variable

Using domain knowledge and literature, we define an initial set of predictor variables (features)
relevant to modeling the propensity to save and financial behaviors. Based on the external literature
and expert knowledge of the factors that determine the propensity to save and financial behaviors,
we group the variables into:

• Demographics:

– Age: A relevant factor in the financial life cycle (for example, young people may have
different patterns than older adults). Conceptual range: 18–65+ years.

– Gender: May influence financial behaviors due to social or economic factors. Categories:
Male, Female, Other.

– Education Level: Often correlates with income level and financial literacy. Categories:
From completed primary school to completed university, including intermediate levels.

• Financial:

– Monthly Income: Something that plays a large role in how much a person can actually
start to save or spend is the potential range (from 800 to 8,000 + soles) that accounts for
the different socioeconomic levels in Metro Lima.
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– Other Raw Financial Variables: To create and change target variables, semi-quantitative
variables like approximate monthly savings, approximate monthly debt, approximate
monthly leisure spending, number of credit cards owned, budgets expenses, frequency
of credit card use, and pays only the minimum amount of the credit card will be included
in the study.

3.2.2 Labeling criteria

Heuristic rules are established for monthly income thresholds to derive target variables (Financial
Habits Level and Saving Propensity). The thresholds tend to align with general recommendations
on finance and credit risk assessment, but are modified to the specific context.

• Savings Level (% of Income): The capacity for saving is partitioned into five ordered cate-
gories.

– Low: 0% - 8%
– Medium-Low: >8% - 12%
– Medium: >12% - 20%
– High: >20% - 30%
– Very High: >30%

• Debt Level (% of Income): The five gradational levels also classify debt burden.

– Low: 0% - 10%
– Medium-Low: >10% - 15%
– Medium: >15% - 30%
– High: >30% - 40%
– Very High: >40%

• Other Criteria (TransformedQualitative Variables): Key behavioral variables which have been
transformed to ordinal or binary scales are included:

– Estimated Expenses: Frequency (such as ‘Never’ to ‘Very Frequent’) is transformed into
a numerical scale (1 to 5). Higher frequency indicates better spending habits.

– Credit Card Use: Frequency is also transformed into a numerical scale (1 to 5). Very
high frequency may indicate credit dependency or lack of liquidity (negative habit).

– Minimum Credit Card Payment: The frequency of paying only the minimum is trans-
formed into a numerical scale (1 to 5). Frequently paying only the minimum is a negative
indicator.

– Level of Leisure Spending: This is conceptually categorized (as Low to Very High) as
an indicator of control over discretionary spending.

These transformed and categorized variables are the direct inputs for the heuristic formulas (SCORE_H
and SCORE_A) defined in section 4.2.3 to create the final target variables (“Financial Habits Level”
and “Saving Propensity”).
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3.3 Machine Learning Model Construction Process

The labelling of the data and the creation of the target variables are based on an initial logical basis of
heuristic rules. The final prediction is proposed to be made by the central component of a supervised
machine learning model for various conceptual reasons. The purpose of the model development is
to overcome the limitation of the heuristics used in the first labelling phase, because these rules
are simplifications and do not always sufficiently reflect the actual complexity of the financial
behaviour, but are useful as a starting point. Thus the model tries to learn deeper and more subtle
patterns directly from the data which gives a better understanding of the users’ financial habits. For
this reason, a supervised learning approach is applied, where the model learns the relation between
the predictor variables (obtained by transforming the demographic and economic characteristics)
and the target categories generated from heuristics. Such labels are a starting point, but the model
should not simply replicate the classification process, but should also generalise it, exploiting its
capacity to detect complex and non-linear interactions that cannot be captured by fixed rules.

3.4 Evaluation Method

3.4.1 Test dataset

The final evaluation was performed on the held-out test set (20% of the entire data) that was not
used in any of the aforementioned training or cross-validation. The test set contains 500 records
and maintains the stratified class distribution of the first split. The test set provides an evaluation of
the models’ generalization performance that is free of bias.

3.4.2 Evaluation metrics

To assess how well the classification models performed, standard evaluation metrics were applied.
Each metric was conceptually defined and computed using the predictions generated from the test
set:

1. Accuracy: The overall share of correctly instances relative to the total number of observations.

Accuracy =
TP + TN

TP + TN + FP + FN

2. Precision: What proportion of correct predictions were positive? Significant in reducing false
positive predictions. (Calculated per class).

Precision =
TP

TP + FP

3. Recall: What proportion of actual positive cases were correctly identified? Important for
reducing false negatives. (Calculated per class).

Recall = TP
TP + FN

10
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4. F1-Score: The harmonic mean of Precision and Recall. It is most helpful in cases of unbal-
anced classes.. (Calculated per class and as averages).

F1 − Score = 2 × Precision × Recall
Precision + Recall

5. Macro and Weighted Averages (for F1, Precision, Recall):

• Macro: Simple average of the metric computed for each class (disregards number of
instances in a class).

• Weighted: Average of the metric with samples in each class counted as a class size (larger
classes contribute more to the average).

6. ConfusionMatrix: Amatrix providing a description of performance with respect to each class.
It outlines True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives
(FN).

7. ROC-AUC (Area Under the ROC Curve - For Binary Model 2 Only): Assesses the overall
performance of the model in differentiating the positive and negative classes. A score nearing
1 suggests outstanding discrimination.

4. RESULTS AND DISCUSSION

This section presents the quantitative results of the evaluations of the machine learning models
predicting “Financial Habits Level” (Model 1, multi-class) as shown in TABLE 1, and “Saving
Propensity” (Model 2, binary). As part of the described experiment, we assessed the performance
and accuracy of the selected models (XGBoost optimized with SMOTE and RandomizedSearchCV
in both cases) on an independent test data set.

4.1 Results

Model 1 Results: Financial Habits Level (Multi-class). The following table shows the performance
metrics of the optimized final model (XGBoost + SMOTE + RandomizedSearchCV) for predicting
“Financial Habits Level” (scale 1–5) on the test set (Figure 2).

Table 1: Performance Metrics - Model 1 (Financial Habits Level)

Class Precision Recall F1-Score Support
1 0.96 0.93 0.94 55
2 0.72 0.78 0.75 40
3 0.70 0.75 0.72 51
4 0.61 0.61 0.61 23
5 0.96 0.84 0.90 31
Accuracy 0.80 200
Macro Avg 0.79 0.78 0.78 200
Weighted Avg 0.81 0.80 0.80 200
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Figure 2: Confusion Matrix - Model 1 (Financial Habits Level)
Note. Prepared by the authors based on the results of Sprint 3.

The model, based on a tuned XGBoost, shows a high performance in the multiclass classification
of financial habits. From the confusion matrix, it can be seen that most of the observations fall on
the main diagonal, indicating correct classifications across the five evaluated categories. Class 1 is
well done by the model (51 correctly classified). Class 2 and 3 are also steady, showing only some
weakness in differentiating similar financial profiles (which is expected) (Figure 3).

12
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Figure 3: Importance of variables in Model 1

The most important predictors of the model are the frequency of credit card use and monthly
estimates of savings, debt and income These results are consistent with studies on the financial
behaviour of companies in this sector . These variables have the highest gain values which means
that they have the highest contribution to the error reduction in the model training . Similarly, the
sociodemographic variables such as educational level, age and gender have a moderate effect, which
indicates that although they give some context, variables directly related to financial behaviour are
more important in the predictive power of the model (FIGURE 4).

Below are the performance metrics of the final optimized model (XGBoost + SMOTE + Random-
izedSearchCV) for predicting “Savings Propensity” (classes 0 and 1) on the test set (TABLE 2).

13
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Table 2: Performance Metrics - Model 2 (Saving Propensity)

Class Precision Recall F1-Score Support
0 0.95 0.94 0.94 99
1 0.94 0.95 0.95 101
Accuracy 0.94 200
Macro Avg 0.95 0.94 0.94 200
Weighted Avg 0.95 0.94 0.94 200
ROC-AUC Score 0.9920

Figure 4: Confusion Matrix - Model 2 (Saving Propensity)
Source: Prepared by the authors based on the results of Sprint 4.

The proposed model is formulated as a binary classification problem and very satisfactory perfor-
mance is obtained. The confusion matrix indicates good discriminative power with 96 true positives
and 93 true negatives against a small number of errors (6 false positives and 5 false negatives)
(FIGURE 5).

The evaluation metrics confirm the robustness of this approach with the overall accuracy of 94.5%,
precision of 94.1% and sensitivity of 95.0%. The F1-score of 94.5% indicates a good trade-off
between precision and recall. This implies that the model correctly detects the majority of positive
cases with a few classification errors. The ROC curve is well above the diagonal reference line

14
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Figure 5: ROC Curve - Model 2Source: Prepared by the authors based on the results of Sprint 4.

(random classifier), demonstrating its strong discriminative ability. As shown in FIGURE 6, the area
under the curve (AUC) is 0.992, which indicates a near-perfect classification ability in differentiating
between individuals with high and low saving propensity.

15
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Figure 6: Importance of Variables - Model 2
Source: Prepared by the authors based on results of Sprint

The most important predictor of saving propensity is financial planning, particularly “budgeting ex-
penses regularly”, as measured by the “gain” metric in XGBoost, followed by the other quantitative
economic variables (savings, income, and monthly debt); sociodemographics, on the other hand,
contribute marginally to the performance of Model 2.

4.2 Discussion

The variables “financial habits level” (multiclass) and “saving propensity” (binary) were effective,
indicating different patterns and reflecting the complexity of each prediction. Model 2 (saving
propensity) had excellent and highly robust performance with 94.5% accuracy and 0.9920 ROC-
AUC. This success is due to its lower structural complexity as it is a binary classification. Never-
theless, the accuracy of Model 1 (financial habits level) was 80%, a good result, but lower because
the boundaries between the intermediate financial behaviours are blurred. The model performs best
at the extremes, reaching an F1-score of 94% in the lower class, and 90% in the upper class, where
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behavioural patterns are stable and clear. but it shows weakness in the middle ranges, especially in
class 4 (F1 = 61%); this is due to the ambiguity and heterogeneity of the financial profiles of each
customer.

On the other hand, the variables indicate that each financial behaviour is a response to psycholog-
ical and behavioural mechanisms of the different users. This causes the predictors to be different
between the two models, as the most influential variable was “Budget your expenses regularly.”

This suggests that disciplined financial planning for savings is the strongest predictor, so it is
evident that financial education is important as it recognises intention and organisation as consistent
predictors of healthy financial behaviours. In the case of Model 1, frequent credit card use is the
dominant predictor, showing that financial habits are linked to debt and liquiditymanagement. Thus,
it is clear that habits stem from daily credit, loan, and transaction practices, while saving depends
on financial planning.

The choice of XGBoost as the primary model is consistent with [26], due to its effectiveness in fi-
nancial forecasting and its ability to model complex and nonlinear relationships. Likewise, Random
Forest demonstrates consistent performance, in line with [27], which highlights its robustness and
stability when dealing with multiple predictor variables.

The results obtained are consistent with current trends in financial predictive systems; the use of
the XGBoost algorithm is supported in [8] due to its effectiveness with heterogeneous data and
nonlinear relationships. Regarding the performance of Random Forest as a robust alternative with
multiple variables, it aligns with [6] and [17]. Consequently, the accuracies achieved (80% in multi-
class prediction and 94.5% in binary) technically validate the approach proposed in this study. The
hybrid CRISP-DM and SCRUM approach proved its viability for the continuous iteration of the
study, consistent with [9] and [24], authors who advocate the use of agile cycles to strengthen the
feedback loop between analysis, visualization, and predictive modeling of large volumes of data
(Big Data). The experience of this study confirms its effectiveness by having facilitated the constant
adjustment of the models’ parameters and hyperparameters.

5. CONCLUSIONS

1. During the experimentation and optimization of multi-class and binary classification (SMOTE
and RandomizedSearchCV), it was found that XGBoost delivered the best performance and
robustness for both variables, achieving an accuracy of 80% for the multi-class model and
94.5% for the binary model.

2. The accuracy of the final predictive models was rigorously verified using an independent test
set (20% of the data) and standard classification metrics. The model for “Financial Habits
Level” achieved an accuracy of 80% and a weighted F1-score of 80%, while the model for
“Savings Propensity” achieved an accuracy of 94.5%, a weighted F1-score of 95%, and an
ROC-AUC of 0.9920, validating its high predictive capability.

3. The future development based on this article would be to implement the Explainable Artificial
Intelligence (XAI) techniques such as SHAP or LIME to provide clear explanations of the
model’s predictions and thus increase its educational value. In addition, we propose to de-
velop a personalised recommendation module for recommending practical actions to improve
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users’ financial habits. We will explore the use of deep learning architectures such as neural
networks and LSTMs to find more complex relationships in large data volumes. Finally, a
cloud deployment strategy based on MLOps will be studied to ensure the model scalability,
security and continuous monitoring as its use increases.
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